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ABSTRACT 
  
 Tropical forests are highly dynamic and diverse ecosystems, but our understanding of the 
processes that shape the local abundance and spatial distribution of the tree species within them 
is still rather limited. In particular, the role of disturbance in determining compositional variation 
in forests remains poorly understood (Molino and Sabatier, 2001). This gap in understanding in 
large part reflects the lack of appropriate tools that allow measurement of disturbance patterns at 
fine spatial scale (Chambers et al. 2009). In old growth tropical forests, the creation of canopy 
gaps by one or multiple tree falls is one of the main causes of disturbance and thus potentially 
one of the main drivers of forest dynamics (Swaine and Whitmore 1988). My thesis focuses on 
characterizing patterns of gap disturbance across a forest landscape at Barro Colorado Island 
(BCI), Panama, and its impact on species distribution.  
 First, I addressed the spatial component of canopy gap disturbances, by exploring the 
patterns of canopy height across the forest landscape. I considered three main factors: the 
threshold canopy height used to define gaps, the spatial resolution of canopy height 
measurements and the extent of the study area. In contrast to prior plot-based studies of gap 
disturbances, I used canopy height estimates generated from high-resolution LiDAR (light 
detecting and ranging) for the entire landscape of BCI (1500 ha). I found that the two main 
metrics that define gap disturbances, namely the gap size-frequency distribution, and fraction of 
area under gaps, were highly variable at the 1-10 ha plot scale leading to potentially unreliable 
estimates of disturbance regimes. In addition, when I compared gap disturbance parameters 
generated with LiDAR with simulated field data, I found that simulated field data underestimated 
the frequency of large gaps, and therefore potentially, the importance of large disturbances that 
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impact landscape-level carbon storage. Furthermore simulated field data generated significant 
errors in the location of gaps, which may lead to misleading conclusions in the interaction 
between canopy gaps and tree recruitment. 
 Second, I assessed how variation across the forest landscape of some key factors affects 
the gap disturbance regime of BCI. Specifically, I used LiDAR to explore how forest age, 
topography and soil type affect canopy disturbance patterns across the landscape. Using a 
Bayesian hierarchical model to model the gap size frequency distribution I showed there was a 
higher frequency of large gaps in areas of old-growth forest and on more gentle slopes than on 
steeper slopes and in younger forest. Slope and forest age had similar effects on the gap area 
fraction, however gap area fraction was also affected by soil type and by aspect. I concluded that 
variation in disturbance patterns across the landscape can be linked to factors that act at the fine 
scale (such as aspect or slope) and factors that show heterogeneity at coarser scales (such as 
forest age or soil type). Awareness of the role of different environmental factors that influence 
treefall gaps can help scale-up the impacts of canopy disturbance on forest communities 
measured at the plot scale to landscape and regional scales. 
 Third, I assessed how the distribution of canopy heights in combination with slope and 
soil chemistry correlates with the distribution of tree species across the 50-ha forest dynamics 
plot on BCI. Association patterns were analyzed after either classifying individuals according to 
size class, or after classifying species according to mature habit. Additionally, I also explored 
whether the frequency of associations with topography and soils differs between species groups 
that show preferences for either high or low canopy height environments. The most striking 
patterns that emerged were: i) A large fraction of species, were positively associated with low 
canopy heights, indicating a preference for recently disturbed areas. These included many 
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understory species that were not previously classified as pioneers. ii) A similarly large fraction of 
species was found to be positively associated with steep slopes; the frequency of associations 
with steep slope habitats significantly decreased as tree size increased, indicating a possible 
ontogenetic shift in the strength of species associations with slope. This pattern may be caused 
by a greater initial recruitment on moister slopes, and a progressive weakening of differential 
survival as trees grow and are better able to survive drought events. Analysis of the interactions 
among environmental factors revealed two contrasting groups of habitat associations: i) positive 
associations with high slopes and high canopy height, and ii) positive associations with low 
slopes and low canopy heights. Broadly similar patterns were observed when considering 
individual size or habit classes. 
In conclusion, canopy gap disturbances play a crucial role in shaping tropical tree 
communities. To fully account for the effects of canopy gap disturbances as a driving force 
affecting the composition and spatial distribution of tree communities, we need to consider the 
different parameters that comprise a gap disturbance regime. These include the parameters used 
to define canopy gaps (canopy height threshold, spatial resolution of canopy heights and extent 
of the study area), the factors that cause spatial variation of gap disturbances (slope, forest age 
and soil type), as well as the interactions among environmental factors (canopy height, slope, soil 
chemistry) and their effects on the tree community. 
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CHAPTER 1: INTRODUCTION 
  
 Tropical forests are some of the most diverse and carbon rich ecosystems on Earth. 
Tropical forests are globally important carbon sinks and are critical to climate stabilization 
(Stephens et al 2007). In tropical forests, the carbon stored in the aboveground living biomass of 
trees is typically the largest pool (Gibbs et al. 2007). Thus, estimating aboveground forest 
biomass carbon is the most critical step in quantifying carbon stocks and ﬂuxes from tropical 
forests. However, the mechanisms that drive forest dynamics are not yet fully understood. One 
potential driver of forest dynamics is disturbance; in most mature tropical forests, the main cause 
of disturbance is the creation of openings in the forest canopy when one or multiple trees fall 
(Swaine and Whitmore 1988). Consequently, the extent, frequency and distribution of canopy 
gaps across space and time play a central role in our understanding of community dynamics as 
well as key ecosystem processes, notably carbon storage. Thus, the general goal of my thesis is 
to explore gap disturbance regimes and their effect on the tree community. 
To date, our understanding of the role that gap disturbance plays in community dynamics 
has been hampered by an inability to characterize gap disturbance patterns. Prior studies of gap 
disturbances have often been based on ground surveys of monitoring plots 1-50 ha that rely on 
estimates of canopy heights made at a grid of sample points (e.g., Ashton and Hall 1992, Hubbell 
et al. 1999, Baker et al. 2005). The limited spatial extent of these study areas potentially leads to 
an under-estimation of the frequency of large-scale disturbance events over forest landscapes, 
such as those reported from satellite imagery of the central Amazon (Nelson et al. 1994). 
Similarly, the limited spatial resolution of canopy height estimates obtained from field 
measurements (typically one measurement per 25 m2 or 100 m2 quadrat) may also introduce 
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inaccuracies or systematic biases in the estimation of the size and spatial location of canopy 
gaps, with consequences for the inferred importance of gap-dependent ecological processes.   
 In contrast to traditional field-based measurements of canopy height, LiDAR (light 
detection and ranging) technology can provide high-resolution estimates of canopy height over 
forest landscapes (Kellner et al. 2009).  Airborne LiDAR is an active remote sensing tool, by 
which a laser beam is emitted from the laser located on the aircraft towards the ground; energy 
from the laser beam is then reflected back by the objects encountered in the trajectory of the 
beam.  By recording the return-time of reflected laser pulses it is possible to obtain very accurate 
measurements of canopy height and ground elevation. 
 In chapter 2, I explore how the parameters that define the gap disturbance regime of a 
forest are affected by three main factors: the threshold canopy height used to define gaps, the 
spatial resolution of canopy height measurements and the extent of the study area. To date, our 
understanding of the size, frequency and distribution of gaps in forest is largely based on ground 
surveys of relatively small plots (<60 ha). In chapter 2, I used high-resolution LiDAR  
measurements of the canopy height of the landscape of Barro Colorado Island (BCI), a 1500 ha 
forest in central Panama, to assess the scale-dependency of estimates of (i) the gap size-
frequency distribution, and (ii) the fraction of area under gaps. I found that both metrics were 
highly variable at the plot scale leading to potentially unreliable estimates of disturbance 
regimes. In addition, I compared gap disturbance parameters generated with LiDAR with 
simulated field data, where canopy height is sampled at each point of a 5 x 5 m grid. I found that 
simulated data underestimated the frequency of large gaps, and therefore potentially, the 
importance of large disturbances that impact landscape-level carbon storage. Furthermore 
simulated field data frequently misrepresented the position of gaps, which may affect 
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conclusions of how canopy gaps affect regeneration processes. I conclude that across-site 
comparisons should carefully consider how gap definition, spatial extent and spatial resolution 
affect characterizations of the gap disturbance regime. 
 In chapter 3, I address how different factors affect the gap disturbance regime across a 
1500 ha tropical forest landscape. I use LiDAR to explore how forest age, topography and soil 
type affect canopy disturbance patterns across the landscape of BCI. I found that slope and forest 
age, had significant effects on the gap size distribution, with a higher frequency of large gaps 
associated with old-growth forests and more gentle slopes. Slope and forest age had similar 
effects on the gap area fraction; however gap area fraction was also affected by soil type and by 
aspect. I conclude that variation in disturbance patterns across the landscape can be linked to 
factors that act at the fine scale (such as aspect or slope) and factors that show heterogeneity at 
coarser scales (such as forest age or soil type). Awareness of how different environmental factors 
influence treefall gaps can help scale-up the impacts of canopy disturbance on forest 
communities measured at the plot scale to landscape and regional scales. 
 In chapter 4, I explore how canopy height and other environmental factors affect the tree 
community across the BCI 50 ha forest dynamics plot. I used tree census data to test for 
associations of species with the following environmental factors: canopy height (a proxy for light 
availability), soil chemistry, and topography (a proxy for soil moisture and depth). As species 
associations with these environmental factors may be influenced by plant size, association 
patterns were analyzed after either classifying individuals according to size class, or after 
classifying species according to mature habit (e.g. understory, mid- canopy and canopy habits). 
In addition, I also explored whether the frequency of associations with topography and soils 
differs between species groups that show preferences for either high or low light environments. 
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 When all habits and size classes were considered together two patterns emerged: i) a large 
fraction of species (23%) were positively associated with low canopy heights, indicating a 
preference for recently disturbed areas, ii) a similarly large fraction of species (23%) was found 
to be positively associated with steep slopes. Furthermore, a significant ontogenetic shift was 
observed in tree associations with slope with a decrease in the frequency of associations with 
increasing size. This pattern may be caused by a greater initial recruitment on moister slopes, and 
a progressive weakening of differential survival as trees grow and are better able to survive 
drought events.  
Analysis of the interactions among environmental factors revealed two contrasting groups 
of habitat associations: i) positive associations with high slopes and high canopy height, and ii) 
positive associations with low slopes and low canopy heights. Broadly similar patterns were 
observed when considering individual size or habit classes. 
In conclusion, analyses of associations with environmental factors that incorporated 
canopy height and tree size information show that the frequency of associations with steep slopes 
decreases with tree size for all species groups in associations with slope, whereas no such pattern 
is observed for associations with canopy. Additionally, it appears that when environmental 
factors are not independent, as is the case for slope and canopy height, a positive association with 
the first environmental factor can significantly influence the frequency of associations observed 
with the second factor. Lastly, we recognize that these results are only representative for a subset 
of species within the tree community and that greater extent is needed for species that occur at 
lower densities in old growth forests, such as many pioneer species. 
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CHAPTER 2: SPATIAL SCALE AND SAMPLING RESOLUTION AFFECT 
MEASURES OF GAP DISTURBANCE IN A LOWLAND TROPICAL 
FOREST: IMPLICATIONS FOR UNDERSTANDING FOREST 
REGENERATION AND CARBON STORAGE 
 
Introduction 
 In mature tropical forests, the most common type of disturbance initiating forest 
regeneration is the creation of canopy gaps by tree falls (Swaine & Whitmore 1988). 
Consequently, the extent, frequency and distribution of canopy gaps across space and time play a 
central role in our understanding of community dynamics as well as key ecosystem processes, 
notably carbon storage. Gap disturbance regimes are typically characterized by the proportion of 
forest area in gaps (the gap area fraction) and by the gap size-frequency distribution (the relative 
frequency of gaps across gap size classes). Common values for the gap area fraction of tropical 
forests range from < 1% to 10% (Brokaw 1985, Lawton & Putz 1988, Jans et al. 1993, 
Chandrashekara & Ramakrishnan 1994, Marthews et al. 2008, Kellner et al. 2009) but values 
>10% are also sometimes reported (Kapos et al. 1990, Ferreira de Lima et al. 2008). The gap 
size-frequency distribution has often been found to follow a power-law distribution (Satake et al. 
2004, Fisher et al. 2008, Kellner & Asner 2009), but deviations from this pattern have been 
described (Schlicht & Iwasa 2006).  
 Tropical forests are globally important carbon sinks and are critical to climate 
stabilization (Stephens et al 2007). The vertical distribution of carbon can significantly differ 
across systems. For instance, grasslands and temperate forests in arid areas have a lower above-
ground than below-ground allocation of carbon (Jobbagy and Jackson, 2000). Conversely, in 
tropical forests, the carbon stored in the aboveground living biomass of trees is typically the 
largest pool (Gibbs et al. 2007). Based on literature reviews (Mokany et al 2006), root biomass is 
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often estimated to be approximately 20% of the aboveground forest carbon stocks. Thus, 
estimating aboveground forest biomass carbon is the most critical step in quantifying carbon 
stocks and ﬂuxes from tropical forests.  
The relationship between the gap area fraction and carbon storage or community 
dynamics is likely to be relatively straightforward; an increase in the gap area fraction implies 
reduced basal area and therefore above-ground biomass (AGB), and potentially increased 
representation in the forest stand of light-demanding species with low wood density (Molino & 
Sabatier 2001). On the other hand, the influence of variation in the gap-size distribution on 
community and ecosystem processes is less clear. If species recruitment success is influenced not 
only by the presence of gaps, but also by gap size, then changes in the gap size-frequency could 
result in compositional shifts in tree communities with impacts on AGB. For example, Brokaw 
(1987) showed that pioneer tree species growing in seasonally moist tropical forest on Barro 
Colorado Island (BCI), Panama, differed in their minimum gap size requirements for 
regeneration, with the fastest-growing species with the lowest wood density requiring the largest 
gaps. In contrast, Hubbell et al. (1999), working at the same site, found little predictive effect of 
gap size on community composition or species richness.  
Recent research has also highlighted the potential importance of the gap-size distribution 
in scaling estimates of AGB from the plot to the landscape scale. Large canopy gaps (1,000 – 
10,000 m2), resulting from infrequent windstorms or landslides influence AGB at the landscape 
scale (Nelson et al. 1994) but may be inadequately sampled in forest plot datasets, even when the 
plot size is quite large. Based on simulations (Fisher et al. 2008), the minimum extent required to 
generate unbiased estimates of fluxes in AGB largely depends on the relative frequency of large 
canopy gap disturbances. However, measurements of gap disturbance over entire forest 
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landscapes necessary to estimate the frequency of large gap disturbances are scarce (Chambers et 
al. 2009). A few recent studies have used LiDAR and high resolution satellite imagery data to 
test plot designs for estimating AGB. For instance, Naesset et al. (2013) compared AGB 
estimates based on field surveys with different sampling designs against corresponding estimates 
with LiDAR and found that the standard errors of the AGB estimates were consistently lower for 
the LiDAR-assisted designs. A different approach has been proposed by Wulder et al. (2012), 
who suggest the creation of “LiDAR plots” extracted from LiDAR transects; Wulder et al. 
(2012) suggest that LiDAR plots could be treated as conventional field plots, providing locally 
relevant information that can be used independently or integrated with other data sources, 
including optical remotely sensed data. Similarly, Falkowski et al. (2009) developed a 
framework for the Canadian National Forest Inventory for updating a sample-based, large-area 
forest inventory. This framework incorporates very high resolution imagery in four phases of the 
forest inventory update process: stand delineation, automated attribution, manual interpretation, 
and indirect attribute modeling.  
Despite the few studies mentioned above, most estimates of gap area fraction and gap-
size distribution to date are based on ground surveys that rely on estimates of canopy heights 
made at a grid of sample points (Ashton & Hall 1992, Hubbell et al. 1999, Baker et al. 2005). As 
these studies are limited in spatial extent (1-50 ha), they are unlikely to adequately characterize 
rare, large-scale disturbance events, such as those reported from satellite imagery of the central 
Amazon (Nelson et al. 1994). In addition, field sampling of canopy height may also introduce 
inaccuracies or systematic biases in the estimation of the size and spatial location of canopy 
gaps, with consequences for the inferred importance of gap-dependent ecological processes. For 
example, Hubbell et al. (1999) studied species richness patterns in relation to forest gaps 
7 
 
identified using measurements of canopy height made at the intersection points of 5 x 5 m 
quadrats. The lack of a relationship between the estimated light environment of saplings and 
local community diversity contributed to a shift in the paradigm that species regeneration success 
is tightly coupled to their light requirements, to a paradigm of forest dynamics that instead 
emphasizes recruitment limitation (Brokaw & Busing 2000).   
In this study, I use LiDAR (light detection and ranging) to obtain canopy height estimates 
across a 1,500 ha tropical forest landscape at BCI resolved to the 1 m2 scale. I use these data to: 
a) characterize the gap-size distribution and gap area fraction for the BCI forest and to assess 
how these are affected by gap definition criteria and by the spatial extent of the study area; b) to 
assess whether previous estimates of gap area fraction and the gap-size distribution based on plot 
data at the 1-50 ha scale adequately capture the characteristics of gap disturbance observable 
with LiDAR at the landscape scale, and c) to explore how well ground-based sampling of canopy 
heights implemented in previous studies (e.g., Hubbell et al. 1999) can estimate the size and 
location of forest gaps.  
 
Methods 
Study site 
This study was conducted at Barro Colorado Island (BCI), Panama (9°9′N, 79°51′W) 
(Fig. 2.1). BCI is a 1500-ha island located in the man-made Gatun Lake in the middle of the 
Panama Canal. BCI supports semi-deciduous lowland moist forest. Average annual rainfall is 
2500 mm, with a pronounced dry season between December and April (Windsor 1990). The 
western half of the island supports old growth forest 300-400 years old. The eastern half of the 
island is a mosaic of secondary forests 80-150 years old, resulting from clearing during the late 
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1800s for small farm settlements (Foster & Brokaw 1996). All human disturbances other than 
those related to scientific research stopped in 1923, when Barro Colorado Island (BCI) was 
declared a reserve (Leigh 1999). A 50-ha forest monitoring plot located in the center of Barro 
Colorado is composed of mostly of old growth forest with 2 ha of secondary forest about 100 
years old (Foster & Brokaw 1996). The majority of the plot is on a plateau at an elevation of 
120-160 meters above sea level, with gentle slopes to the South and East. Mean canopy height is 
24.6 ± 8.2 m SD and estimated above ground biomass is 281 ± 20 Mg ha−1 (Chave et al. 2003). 
 
Canopy height data 
LiDAR data were acquired during August and September 2009 with a multi-pulse 
scanning laser altimeter (Optech ALTM Gemini system; BLOM Sistemas Geoespaciales SLU, 
Madrid, Spain). The number of returns per square meter at the landscape ranged between 4 and 
27 points per square meter; point density at the 50 ha plot ranged between 9 and 27 points per 
square meter. Point clouds were used to generate a Digital Terrain Model (DTM) and Digital 
Surface Model (DSM) with 1 m2 pixels; additional models with 0.25 m2 pixels were generated 
for the 50 ha plot.  Heights were calculated by subtracting elevations from these models. 
Estimated vertical errors were smaller than 15 cm (Appendix F). The geo-positioning of the 50 
ha plot was based on the known location of coordinates of the corners (with < 1m positional 
error) (Mascaro et al. 2011). 
 
Effects of gap height and plot size on the gap size distribution 
Gaps were defined as contiguous areas with a canopy height lower than a threshold 
maximum canopy height detected with LiDAR. The minimum gap size included in this study 
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was 5 m2, as I assume that smaller gaps are unlikely to influence tree recruitment or aboveground 
carbon storage. Gap area was resolved to the nearest square meter. Three different threshold top-
of-canopy heights commonly used in other studies, 2, 5 and 10 m, were used to assess the 
implications of differences in gap definition for the gap size distribution and gap area fraction. 
Gap maps were derived for the entire landscape based on these definitions. To evaluate whether 
plot size has an effect on the fraction of gap area and the gap-size distribution, I used plot sizes 
of 10, 50 and 100 ha. For every combination of plot size and gap height (n=9), 1,000 plots were 
randomly generated throughout a 992 ha polygon, which corresponded to the portion of the 
landscape that was able to fit plots of all sizes. For every plot, the fraction of gap area and the 
observed distribution of gaps were recorded; these were also recorded for the 992 ha polygon 
and the entire landscape, which has an area of 1484 ha, excluding the shores and the laboratory 
clearing. The gap-size distribution for every plot was then fit to a power-law probability 
distribution. In a discrete power-law with parameter λ, the probability for gap size k is given by 
                 (1) 
 Lambda (λ) is related to the ratio of small gaps to large gaps; larger values of λ indicate a 
smaller relative frequency of large gaps. Maximum likelihood estimates (MLE) for λ were 
calculated by minimizing the negative log-likelihood function. I calculated standard errors for λ, 
based on the marginal likelihood (I, eqn. 2), so that 
                (2) 
 
 
  The 95 % confidence intervals were calculated for each estimate of λ, based on the 
standard error (eqn.2) and a t-distribution (Clark 2007). Mann-Whitney tests were used for the 
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contrasts of means and Levene tests were used for the contrasts of variances for the distributions 
of λ across plot sizes. 
 To better understand the effects of the threshold canopy height used to assign gaps on the 
gap-size distribution, gap maps were generated for the entire landscape for all maximum gap 
heights between 1 and 15 m. Gap size-frequency distributions were fit to a power-law and 
fraction of gap area was calculated for the landscape. 
 
Height contrast: field vs. LiDAR 
 To assess the importance of gap aggregation errors that might result from field surveys 
of canopy height I developed a new canopy height model for the 50 ha plot (Fig. 2.2). My 
approach simulated the field data collected by Hubbell et al. (1999), where a single canopy 
height measurement was taken on a 5 m grid and used to represent the canopy height of a 25 m2 
quadrat of forest and a maximum height of 5 m was used to define gaps. Accordingly, I sub-
sampled the LiDAR data at the same scale and assigned canopy heights from 1 m2 plots to the 
surrounding 25 m2. Aggregation errors are defined here as the errors in canopy height estimates 
resulting from a reduced sampling frequency. Two types of aggregation error can occur in the 
estimation of gap spatial distribution and extent: i) commission error, where high canopy forest 
is wrongly classified as a gap using low resolution canopy height data, and ii) omission error, 
where gap is wrongly classified as high canopy forest.  
 For both high resolution (the full LiDAR) and low resolution (simulated field data) 
canopy height models, I then generated gap size-frequency distributions and fit power-law 
functions. Parameter estimates were calculated using MLE for the gap-size distribution generated 
using 1 m2 quadrats.  For the gap size distribution generated with 25 m2 quadrats, MLE could not 
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be used due to the small number of resulting gap size classes; a logarithmic transformation 
followed by ordinary least squares (OLS) was used instead. To make both gap-size distributions 
comparable, I also applied a logarithmic transformation followed by an OLS fit to the gap-size 
distribution generated using 1 m2 quadrats. 
 
Results 
Gap Size distribution 
The mean power-law exponent (λ) of the gap-size distribution calculated from 1,000 
plots randomly generated throughout the landscape differed significantly among plot sizes 
(p<0.005), but the differences were small (Table 2.1). Standard error values for the 10 ha plots 
were two times greater than those for the 50 ha plots and three to four times greater than those 
for the 100 ha plots. The importance of large among-plot variation in λ at the small plot scale can 
be illustrated by comparing how frequently the λ of an individual plot falls outside the 99% 
confidence intervals of λ calculated from repeatedly sampling throughout the landscape at the 
100 ha scale (Table 2.2). For example, the λ values of 44% of 10 ha plots classified using a 2 m 
maximum canopy height threshold would fall outside the 99% confidence intervals for 100 ha 
plots. 
 The mean and standard error of the distribution of λ values decreased significantly (p 
<0.005) with maximum canopy height threshold at the plot scale (Table 2.1) and λ declined 
linearly with maximum canopy height at the landscape scale (Fig. 2.3a). When the maximum 
canopy height criterion used to identify gaps was relaxed from 2 m to 10 m, λ decreased by 25 
%, indicating that using taller canopy height thresholds results in a higher relative abundance of 
large gaps. 
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Gap area fraction 
 The mean gap area fraction (percent of the plot area in gaps) calculated from 1,000 plots 
randomly generated throughout the landscape was relatively insensitive to the size of the sample 
plot (Table 2.1). However, standard errors were significantly larger for the smallest plots 
(p<0.005). As expected, gap area fraction was strongly influenced by the canopy height threshold 
used to delimit gaps. For a given plot size, both the mean and standard error of the distribution of 
gap area fraction values increased significantly (p<0.005) with maximum canopy height. At the 
landscape scale, the gap area fraction increased as a second order polynomial with maximum 
canopy height (Fig. 2.3b). Relaxing the canopy height threshold from 2 to 10 m resulted in more 
than a 20 fold increase in the gap area fraction.  
 
Comparison of LiDAR and field-based gap surveys 
 The effects of the spatial resolution of canopy height estimates on gap identification 
were assessed through comparison of LiDAR and simulated field data at the 50-ha monitoring 
plot. The coarse spatial resolution of simulated field data, where a single point 1 m2 height 
measurement represents a 25 m2 quadrat, led to substantial errors in canopy height estimation. 
Bias in the assessment of canopy height was particularly strong when the lowest canopy height 
class (0-5 m) was assigned to quadrats (Fig. 2.4), as, on average, simulated field data predicted 
canopy heights 8.2 m lower than those obtained using the full LiDAR data. The absolute value of 
bias progressively decreased as canopy height increased, with a mean value of 0.87 m for the 
>30 m height class. 
 Simulated field data also led to errors in determining the frequency, location and extent 
of gaps (defined as areas with a canopy height ≤ 5 m). An omission error of 50 % (1 m2 quadrats 
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that are ≤ 5 m but are not classified as gaps) and a commission error of 79 % (1 m2 quadrats that 
are > 5 m but are classified as gaps) were obtained (Fig. 2.5 and 2.6). Omission and commission 
errors both increased with gap size, but the accumulated error by gap size was similar across 
sizes since small gaps are much more abundant than large gaps. 
 Gap size-frequency distributions were generated for the simulated field data and the 
original LiDAR data and fit to power-law functions. The gap size distributions fitted using OLS 
were significantly different between the full LiDAR data, and the simulated field data (Fig.2.7). 
The gap size distribution derived using the simulated field data had a significantly steeper 
decline in the number of gaps with increasing gap size (λ = 2.68) than that obtained using 1 m2 
quadrats (λ = 1.53; p<0.005 for the estimates and the contrast test). However, it should also be 
noted that the value of λ is sensitive to the method used for fitting the gap-size distribution. For 
the 1 m2 spatial resolution, where data were sufficient to use MLE, an estimate of λ of 2.05 
(SE=0.08) was obtained. 
 
Discussion 
Effects of gap definition criteria and plot size on disturbance metrics 
 Canopy height-based definitions of gaps strongly influenced both the gap area fraction 
and the scaling parameter, λ, of the gap-size distribution. Increasing the minimum canopy height 
used to identify gaps from 2 m to 10 m increased the gap area fraction from 0.4 % to 6 % and 
reduced λ from 2.4 to 1.8, indicating an increased relative abundance of large gaps. If we 
interpret λ values in relation to its effect on estimation of AGB and AGB increments (Fisher et 
al., 2008), then λ values of 2.4 would imply little bias in AGB parameters, while values of 1.8 
would lead to a conclusion that large plots (≥50ha)  are required to obtain unbiased estimates. 
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Clearly, gap definition criteria have important implications for the calculation of the gap area 
fraction and gap-size distribution. However, it is unclear whether increases in the gap area 
fraction when the criterion for maximum canopy height is relaxed is the consequence of 
capturing older gaps that are undergoing succession, or if a higher canopy height threshold 
allows us to capture qualitatively different disturbances that may result in different community 
composition. Discerning these differences will require further study now that high resolution 
LiDAR is available. 
  In contrast to Fisher et al (2008), my analyses showed that for the BCI forest, smaller 
plots do not produce systematically biased estimates of λ or the gap area fraction. However, 
variance for these parameters was much greater for smaller plots and dramatically so for plots 
<10-ha size. My results therefore provide an illustration of the 'modifiable areal unit problem' 
common in landscape ecology, where increased areal coverage results in a decline in variance of 
the measured parameter as landscape-level heterogeneity is smoothed (Openshaw & Taylor 
1981, Jelinski & Wu 1996). On a practical level, I caution against interpreting rates of gap 
disturbance based on a few small plots. While large forest dynamics plots (50 ha) are likely to 
provide quite robust estimates of these parameters, a single estimate of λ may diverge greatly 
from the true landscape value.  
 
Efficacy of ground based assessments of forest gaps 
 In addition to undersampling landscape-level variation in gap disturbance, field based 
identification of canopy gaps in forest plots may also be influenced by the spatial resolution of 
canopy height measurements (effectively the grain size). In our study, field data were simulated 
by applying the LiDAR-derived height measurement of a single 1 m2 to every 25 m2 grid cell 
15 
 
across the BCI 50-ha forest dynamics plot following the methods of Hubbell et al. (1999). I 
found that using this method had a significant effect on the frequency distribution and spatial 
configuration of canopy heights. Overall, the canopy height distribution was only minimally 
affected by low-resolution sampling, because errors arising from the over and under-estimation 
of canopy height mostly balanced out. However, the greatest errors in the estimation of height 
were observed for the lowest canopy height classes, and led to substantial errors in the 
identification of gaps (Fig. 2.6). 
  The mismatch between the true spatial location of gaps, and those inferred by field 
sampling methods may have important implications for our assessment of how gaps affect 
biological processes, and in particular, the importance of light niches. Hubbell et al. (1999)’s 
study of compositional and richness responses of the tree community to the inferred location of 
forest gaps on BCI led to an emphasis on dispersal limitation and ecological equivalency as 
dominant structuring processes. I now suggest that this conclusion may be premature. Seedling 
recruitment patterns and sapling growth rates are likely to vary in response to light availability at 
fine (<1 m) spatial scales, and consequently their links to gap processes will be obscured when 
large errors in their spatial location occur. Thus, the conclusion from Hubbell et al. (1999) that, 
with the exception of pioneer species, the composition of the sapling community is largely 
decoupled from gap disturbance might well be influenced by a misidentification of the spatial 
location of gap areas. 
 When calculating the gap size distribution for the 50 ha plot, there was significant change 
in the value of λ when using OLS versus MLE. As observed in other studies (e.g. Kellner et al. 
2009, Lloyd et al 2009, Chambers et al. 2009), MLE provides a more robust estimate of the 
power law exponent (Goldstein et al. 2004). Given the observed gap sizes for the 50 ha plot with 
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the simulated field data, MLE could not be used for fitting the gap size distribution. 
Consequently, the comparison between the gap size distributions between the simulated field 
data and LiDAR data was fitted using OLS for both datasets.  Thus, though I acknowledge that 
the λ values obtained for the 50 ha plot when using OLS are not the most robust estimates, I 
expect that a shift in the λ value would still be observed if MLE were used to contrast the gap 
size distributions derived from simulated field vs. LiDAR estimates of canopy height. 
 
Implications for the estimation of above-ground biomass 
 The spatial scale dependency, canopy height threshold dependency, and spatial 
resolution dependency of canopy height measurements all influence estimates of λ, with 
implications for our understanding of how canopy disturbance events affect landscape level 
above-ground biomass (AGB). Although our study cannot include the largest and rarest of 
disturbances that impact hundreds of hectares (Chambers et al. 2009), such disturbances appear 
to be very rare (Gloor et al. 2009). Nonetheless, existing evidence that tropical forest biomass 
has been increasing in recent decades (Baker et al. 2005) is based on the assumption that 
networks of small forest plots adequately sample infrequent, large-scale forest disturbances that 
influence aboveground carbon storage on landscape scales (Körner 2003).  
  Our results indicate that λ values of single small plots (1-10 ha) fall outside the 99% 
confidence intervals of the landscape level λ approximately half the time, while those for 50 ha 
plots will fall outside 99% confidence intervals >10% of times. Remotely sensed measures of 
gap disturbance may therefore need to be made at scales of 500-1000 ha, or greater, depending 
on landscape heterogeneity. In contrast, ground-based assessments of gap sizes may over-
estimate the magnitude of λ at any scale. I found that coarse sampling associated with field data 
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produced a much steeper decline in the frequency of gaps with increasing gap size, than observed 
using the full LiDAR data, although the magnitude of λ was also influenced by the curve fitting 
procedure (see also Lloyd et al. 2009). If field-based sampling of canopy height consistently 
over-estimates λ, this would lead to biased inference of gap frequency distributions with an 
under-representation of large gaps. We would expect this type of bias in the gap frequency 
distribution to be linked with an overestimation of AGB via two different mechanisms: i) 
directly, by underestimating the frequency of large gaps, we may underestimate the area of the 
forest under gaps and thus overestimate AGB and ii) indirectly, by underestimating the 
frequency of light-wooded species which dominate large gaps. More generally, the spatial extent 
of sampling and the ecological basis for gap definition criteria need to be carefully considered 
when drawing conclusions about gap disturbance regimes. 
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CHAPTER 3: EFFECTS OF TOPOGRAPHY, SOIL TYPE AND 
DISTRUBANCE HISTORY ON THE FREQUENCY AND SIZE 
DISTRIBUTION OF CANOPY GAP DISTURBANCES IN A TROPICAL 
FOREST 
 
Introduction 
 In most tropical forests, the main cause of disturbance is the creation of openings in the 
forest canopy when one or multiple trees fall (Swaine and Whitmore 1988). However, 
comparisons across forests indicate that differences may exist in the area of the forest affected by 
gap disturbance (the 'gap area fraction'), and in the frequency distribution of gap sizes (Lertzman 
et al. 1996, Baker et al. 2005, Fisher et al. 2008, Foster et al. 2008, Chambers et al. 2009). 
Across forests the frequency distribution of gap sizes often follows a power-law probability 
distribution (Fisher et al. 2008, Kellner et al. 2009), however the exponent of this relationship, λ, 
which is related to the ratio of small gaps to large gaps, often varies among forests (Kellner and 
Asner, 2009). 
As yet, the environmental factors that lead to variation in the gap area fraction and 
frequency distribution remain unclear. In part, this is because published studies vary in the 
criteria used for defining gaps (range 2-15 m minimum canopy height), in the spatial extent of 
the study area (0.5-100 ha), and in the sampling intensity and spatial resolution of canopy height 
measurements (Brokaw 1985, Lawton and Putz 1988, Kapos et al. 1990, Jans et al. 1993, 
Chandrashekara and Ramakrishnan 1994, Ferreira de Lima et al. 2008, Marthews et al. 2008, 
Kellner et al. 2009). Consequently, we still know little about the relative importance of the 
environmental drivers of variation in canopy disturbance. 
Gaps are openings in the forest canopy frequently created by treefalls (Brokaw 1985). 
Gap disturbance is therefore influenced by the rate of tree mortality, which in turn depends on 
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species traits. Furthermore the composition of species and the traits that they express vary with 
topography, soils and forest age.  Thus, topography, soil type and disturbance history affect 
disturbance regimes through two mechanisms: i) directly, by affecting the spatial pattern and 
rates of mortality, and ii) indirectly, with effects mediated through species compositional 
differences. There is extensive literature for temperate forests on direct effects of topography, 
soil type and disturbance history on tree mortality. For instance, Dietze and Moorcroft (2011), 
found that topography had differential effects on the mortality of plant functional types in forests 
of the eastern and central continental United States. Evidence of compositional differences 
effects on mortality also exists for temperate forests. For example, Das et al. (2008) studied the 
mortality patterns of four conifer species in the Sierra Nevada forests and found that for three of 
the four species, the mortality risk of a tree was significantly affected by the identity and size of 
its neighbors. Stephenson et al. (2011) used census data from the 50-ha plot on BCI and pooled 
data of 65 plots totaling 58.1 ha in California, Oregon, and Washington, to address the 
relationships between species’ traits and probability of mortality. They concluded that the 
dominant mechanisms controlling tree mortality will in some cases relate to environmental 
selection for certain combinations of life-history traits, reflecting trade-offs along climatic and 
edaphic productivity gradients, demonstrating the indirect effect of soil on mortality through 
species composition. 
Despite the intrinsic link between tree mortality and gap disturbances, their measurement 
and interpretation have different implications for community dynamics. For instance, an increase 
in the mortality rate of gap-forming trees will cause an increase in gap area fraction. However, 
the spatial distribution of those tree falls will affect how the resultant increase in gap area 
fraction affects the tree community: if mortality events are dispersed the main effect will be on 
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the stem size distribution; conversely, if mortality events are spatially aggregated, they will 
create high-light habitats which would lead to an increase in the frequency of fast-growing, light-
demanding species. 
 Developing an understanding of the processes that shape forest-wide disturbance regimes 
is important for three reasons. First, different gap disturbance patterns are likely to influence the 
functional trait distribution of the tree community, with a larger fraction of species adapted to 
higher light conditions in more disturbed forests. Gap disturbance may also affect forest diversity 
via the intermediate disturbance hypothesis, if higher disturbance frequencies permit the 
persistence of light-demanding tree and liana species that would otherwise be excluded from 
forests with lower rates of canopy turnover (Molino and Sabatier 2001, Schnitzer and Carson 
2001, Sheil and Burslem 2003).  
Second, disturbance-related differences in functional trait composition are likely to 
influence stand-level above-ground biomass (AGB), either by affecting the relative frequency of 
fast-growing, light-demanding species, and therefore the stand-level mean wood specific gravity, 
or via a relationship between AGB and the stem size distribution (Chave et al. 2004, Chave et al. 
2005). In support of this view, AGB has been observed to increase from west to east across the 
Amazon basin in concert with decreasing rates of forest turnover (the mean of mortality and 
recruitment rates of trees in the stand), declining soil fertility and increased wood specific gravity 
(Quesada et al. 2009, Baraloto et al. 2011).  
Third, while measurements of forest turnover rate are labor intensive, and are restricted in 
scale to forest plots <100 ha, measurements of canopy disturbance using remote sensing provide 
an indirect measure of turnover rate at much larger scales. Early detection of the effects of global 
change drivers on rates of forest turnover, for example via more frequent drought-induced tree 
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mortality (e.g., Phillips et al. 2010), or more rapid growth, maturation, and mortality of trees 
under elevated CO2 (e.g., Korner 2004) will require monitoring forest stands at much larger 
spatial scales than currently encompassed within plot networks. 
In addition to problems arising from diverse criteria used to classify gaps, comparative 
studies also conflate effects of the external drivers of forest disturbance, e.g., storm frequency 
(Espirito-Santo et al. 2010) and rainfall regime (Foster and Brokaw 1982), with intrinsic 
environmental factors that may also influence the probability of treefall e.g., soil type (Ashton 
and Hall 1992, Vandermeer et al. 1994, VanderMeer and Bongers 1996 ), topographic position 
(Poorter et al. 1994), and forest age (Numata et al. 2006). In this study, I explore how forest age, 
topography and soil type affect gap disturbance patterns across a 1500 ha tropical forest 
landscape at Barro Colorado Island (BCI), Panama. Gap size, shape and location were accurately 
measured using LiDAR (Light Detection and Ranging, henceforth LiDAR). The BCI forest 
landscape is characterized at the time of my study by a relatively homogeneous disturbance 
regime, characterized by occasional convective storms that trigger blow-downs. As such, it is 
representative of large areas of low latitude tropical forest un-influenced by cyclones. I 
hypothesized that if an old-growth forest contains greater variance in tree size, including 
emergent trees that create particularly large gaps, then forest age would be the primary driver of 
variation in the gap size distribution. In contrast, I hypothesized that variation in soil type and 
topography would mostly influence the fraction of the landscape in gaps if soil depth and wind 
exposure influence the susceptibility of trees to windfall, rather than the size of the eventual gap 
formed. Understanding how these environmental factors influence gap formation will be critical 
to interpreting predicted changes in disturbance regimes and forest turnover rates resulting from 
global change. 
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Methods 
Study site 
 The study was conducted at Barro Colorado Island (BCI), Panama (9°9′N, 79°51′W). BCI 
is a 1500-ha island located in the man-made Gatun Lake in the middle of the Panama Canal. BCI 
is covered with seasonally moist lowland tropical forest. Average annual rainfall is about 2500 
mm, with a pronounced dry season between December and April. The western half the island is 
old-growth tropical forest (Fig. 3.1). The eastern half of the island is a mosaic of secondary 
forests 80-150 years old, resulting from cutting and clearing during the late 1800s and the 
subsequent establishment of some small farm settlements (Foster and Brokaw 1982). All human 
disturbances other than those related to scientific research stopped in 1923, when Barro Colorado 
Island (BCI) was declared a reserve (Leigh 1999). The geology of BCI is comprised of three 
main formations (Baillie et al. 2006): the Bohio formation, from the early Oligocene; the Caimito 
formation, from the late Oligocene; and the andesite cap, from the Oligocene and early Miocene. 
The BCI 50-ha forest dynamics plot (Leigh, 1999) is located in the centre of the island. The 
majority of the plot is comprised of old-growth forest with 2 ha of secondary forest about 100 
years old (Foster & Brokaw 1982). Most of the plot is on a plateau at an elevation of 120-160 
meters above sea level, with gentle slopes at the southern and eastern edges. Mean canopy height 
at the 50-ha plot is 24.6 ± 8.2 m SD (E. Lobo and J. Dalling, In Review). An additional 25-ha 
plot is located in secondary forest 100–120 years; the 25-ha was established in 2004 (Caillaud et 
al. 2010). 
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Canopy height and terrain data 
Lidar data were acquired with an Optech ALTM Gemini system multi-pulse, scanning 
laser altimeter (BLOM Sistemas Geoespaciales SLU, Madrid, Spain). The number of returns 
ranged between 4 and 27 points per square meter. Point clouds were used to generate a Digital 
Terrain Model (DTM) and Digital Surface Model (DSM) with 1 m2 pixels.  Heights were 
calculated by subtracting elevations from these models. Estimated vertical errors were smaller 
than 15 cm (Appendix F). The geo-positioning of the 50 ha plot was based on the known location 
of coordinates of the corners with < 1m positional error (Mascaro et al. 2011). 
 
 
Variables of interest 
Gap size 
In this study, a gap was defined as all contiguous 1 m2 quadrats with a canopy height ≤ 5 
m. Based on this criterion, a canopy gap map was derived for the entire landscape. A 10 m buffer 
was applied to the shoreline, so that gaps closer than 10 m to the shore are not further included in 
the analyses. This was done to avoid misinterpreting indentations from the water into the land as 
gaps. Additionally, gaps with an area < 5 m2 were excluded from the analyses, since they are 
likely to be of little relevance to tree recruitment and forest dynamics. The perimeter, area and 
geometric centre of each gap were calculated. 
 
Forest age 
A map of forest age was created based on historical records (Enders 1935). This map 
originally contained five age classes that were converted to equivalent age classes by 2009, since 
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no human activities other than those related to research occurred in that time interval. I 
simplified these age classes into two: old growth forest (300-400 years old; Brokaw and Foster 
1996) and old secondary forest (80 to 150 years old; Fig. 3.1). Although there are several 
discrete patches within each age class, the old growth forest area is mostly located on the eastern 
side of the island and the old secondary forest area on the western side. There are two small areas 
that are permanently disturbed status: the 4.7 ha laboratory clearing and a 0.8 ha lighthouse 
clearing; these areas were not included in our analyses. 
 
Soil type 
A map of soil type was created based on extensive soil surveys across the island 
conducted by Baillie et al. (2006). The soil map included the four most common soil forms 
defined in Baillie’s survey, namely brown fine loam, red light clay, pale swelling clay, and 
mottled heavy clay (Fig.3.1; Table 3.1). However, because of its limited extent, the mottled 
heavy clay was excluded from further analyses. 
 
Slope and aspect 
Slope and aspect were calculated across the landscape with 1 m2 spatial resolution from 
the DTM (Fig.3.1). However, I recognize that both variables might affect gap creation 
probability and gap size at a coarser scale. I calculated slope and aspect at the 25, 100, and 400 
m2 scales from the vectorial sum of the slopes or aspects of all 1 m2 pixels within a quadrat of the 
respective size. 
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Exposure 
I calculated three different indices to measure topographic exposure to wind: topex–to-
distance (Ruel et al. 2002), 16topex-to-distance and the visible area (Fig. 3.2). The topex is 
calculated by summing the angles of elevation to the visible horizon from a given location in 
each of the eight cardinal directions. When using topex-to-distance, the distance to the horizon is 
limited; I used a maximum distance to the horizon of 1 km. To better capture the differences in 
exposure at areas with complex topography, I defined the 16topex-to-distance index by using 16 
compass directions instead of 8 and then dividing the outcome by 2, so as to get comparable 
values. Finally, the visible area index was calculated under the assumption that areas with high 
visibility will have high exposure to wind and vice versa. The visible area is calculated as the 
total area visible from a location to the visible horizon in all cardinal directions. Since our forest 
landscape is located on an island, the forest is surrounded by a flat water surface that might have 
a different effect on trees from the rest of the terrain in terms of exposure to wind. Consequently, 
the visible area measure of exposure was further classified into exposure to the terrain and 
exposure to the lake, to assess whether either might have implications for gap creation. 
 
Landscape gap model 
Univariate analysis 
In the first part of the analysis, I considered each explanatory variable independently, to 
assess its relationship at the landscape level to variation in frequency distribution of gap sizes, 
and the gap area fraction. Different approaches were followed for the univariate analyses of 
categorical and continuous variables. For evaluating the categorical variables, forest age and soil 
type, the observed gap size-frequency distribution and gap area fraction were calculated for the 
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entire landscape, as well as for each of the primary and secondary forest areas and each of the 
soil types. Estimates of the standard error for the gap area fraction of each category were 
determined by calculating the gap area fraction of 100 randomly-generated plots within each 
class; the area of each plot covered 10% of the total area for that category. The gap-size 
distribution for every area was then fit to a power-law probability distribution. In a discrete 
power law with parameter λ, the probability for gap size k is given by 
 (1);  where    11)(
1
=∑
=
n
i ik
c λλ     (2)  
 
Lambda (λ) is related the ratio of small gaps to large gaps, and is used here as our metric 
for the size frequency distribution of gaps. Values of λ close to 1 indicate a relatively high 
frequency of large gaps; as the value of λ increases, the relative frequency of large gaps 
decreases. Maximum likelihood estimates (MLE) for λ were calculated by minimizing the 
negative log-likelihood function. I calculated standard errors for λ, based on the marginal 
likelihood I, so that 
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The 95% confidence intervals were calculated for each estimate of λ, based on the 
standard error and a t-distribution (Clark 2007). For each of the categories of forest age and soil 
type, when confidence intervals of two λ estimates were non-overlapping I considered them to be 
significantly different.  
A Generalized Linear Model (GLM) was used to evaluate the effect of the continuous 
variables slope, aspect, and wind exposure on the gap size distribution. The gap-size distribution 
was fit to a Pareto power-law probability distribution. In a Pareto power-law with parameter λ, 
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(5), 
where c is determined by  
  (6) 
By combining equations (5) and (6) we obtain 
    (7) 
λ depends on the explanatory variable x through the model, 
  (8), 
where b0 and b1 are the GLM parameters. 
The parameter estimates of the models were generated using a Markov Chain Monte 
Carlo (MCMC) approach. The MCMC procedure used 10,000 iterations and N-Metropolis for 
sampling (Hastings 1970). For more details see Appendix G. 
Finally, the GLM and MCMC approach was also used to model the effects of the 
categorical variables on λ. In this case, a series of dummy variables were used to include all 
classes of each categorical variable in the model. This was done to assess whether the λ estimates 
calculated with MLE were consistent with the estimates of the GLM using MCMC for the 
estimation of the parameters. In the absence of an underlying probability distribution, an 
Ordinary Least Squares (OLS) approach was used to model the effects of the quantitative 
variables on the gap area fraction. Analyses were conducted using SAS 9.1 (SAS Institute Inc. 
North Carolina). 
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Multivariate analysis 
 Following univariate analyses, a multivariate model was created for the gap size 
distribution using a Bayesian hierarchical framework including those explanatory variables that 
had an effect on λ. Following the same approach used in the univariate analyses of quantitative 
variables, a GLM was used to model the dependency of λ on the multiple explanatory variables, 
and MCMC was used to estimate the model parameters. The Deviance Information Criterion 
(DIC) was used to contrast models and DIC weights were used to assess which variables have 
the greatest contribution to the model. By using the DIC weights I was able to choose the model 
that had greatest explanatory power and lowest complexity.  Finally, I evaluated the chosen 
model by using a rarefaction analysis in which the model was fit using only 10 % of the gaps; 
this process was repeated 1,000 times, and values and standard errors of the parameters obtained 
compared to those of the full model. The analyses were conducted in R, using the package 
‘spatstat’ (version 1.31-1). 
 
Results 
Explanatory variables 
Forest age 
I observed significant differences in the gap size-frequency distribution and gap area 
fraction between old growth and old secondary forest (Table 3.2), with a higher gap area fraction 
and a greater ratio of large gaps to small gaps in the old growth forest. For instance, with a λ 
value of 1.98 we would expect to have 242 times as many gaps of 25 m2 than gaps of 100 m2; by 
contrast with a λ value of 2.11 we would expect to have 347 times as many gaps of 25 m2 than 
gaps of 100 m2. Differences in the canopy height frequency distribution were also observed 
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between old growth and old secondary forest, with higher canopy heights and greater 
heterogeneity of heights in old growth forest (Figure 3.3a). The two permanent forest plots (the 
50-ha old growth plot and the 25-ha secondary plot) had canopy height frequency distributions 
that were representative of old-growth and secondary forest areas. Nonetheless, the stem size 
distributions of canopy trees (dbh > 20 cm) were very similar for the two plots. 
Given the differences in the gap size-frequency distribution and gap area fraction between 
old growth and old secondary forest, forest age was selected as an explanatory variable for the 
Bayesian hierarchical model that models the gap size-frequency distribution across the 
landscape. The λ values estimated through MLE were consistent with those estimated using 
MCMC under the GLM model for forest age. 
 
Soil type 
The gap size-frequency distribution and gap area fraction also differed significantly 
across the three most widespread soil types (Table 3.2), with the pale swelling clay soil having 
the greatest area fraction and the greatest relative frequency of large gaps. Differences in the 
canopy height frequency distribution were also observed between the three soil types, with the 
pale swelling clay soil showing a height distribution shifted towards lower canopy heights 
(Figure 3.3b). Consequently, soil type was included as an explanatory variable in the Bayesian 
hierarchical model that models the gap size frequency distribution across the landscape. The λ 
values estimated through MLE were consistent with those estimated using MCMC under the 
GLM model for all soil types. 
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Slope 
The frequency distribution of slopes was calculated at the 25, 100 and 400 m2 scales (Fig. 
3.4a,d,g). Based on the MCMC estimates of parameters of the GLM model for λ, there was no 
consistent relationship between λ and slope at the 25 m2 scale (Fig. 3.4b), while at the 100 m2 
and 400 m2 scales, λ linearly increased with slope (Fig. 3.4e,h). The model with slope calculated 
at the 100 m2 had the lowest DIC value; consequently, slope at the 100 m2 scale was used as an 
explanatory variable in the Bayesian hierarchical model. The relationship between the gap area 
fraction and slope was also assessed. The gap area fraction decreased with slope following a 
power-law function at the 25, 100 and 400 m2 scales (Fig. 3.4c,f,i).  
 
Aspect 
The frequency distribution of aspect was uniform across BCI (Fig. 3.5a,d,g). Based on 
the MCMC estimates for parameters of the GLM model for λ, there was no consistent 
relationship between λ and aspect at any of the spatial scales measured (Fig. 3.5b,e,h). 
Consequently, aspect was not included in the Bayesian hierarchical model that models the gap 
size frequency distribution across the landscape. At the 25 and 100 m2 scales, the gap area 
fraction appeared to follow a trigonometrical function (Fig. 3.5c.f), with a maximum at aspect 
values of 120o (SE) and a minimum at 300o (W). 
 
Exposure 
The different indices of exposure used in this study had contrasting frequency 
distributions across the BCI landscape (Fig. 3.6). When measuring exposure using topex, the 
frequency distribution of exposures across the island followed a bell-shaped with a shift toward 
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lower topex values, which would indicate higher exposures. Conversely, when measuring 
exposure using the total visible area index, the frequency distribution of exposures across the 
island followed a decreasing trend toward higher visible area values, which would indicate a 
greater frequency of low exposures; the terrain visible area and lake visible area indices were 
also analyzed but are not represented in Fig. 3.6 as no consistent effects were observed. Based on 
the MCMC estimates for parameters of the GLM model for λ, there was no consistent 
relationship between λ and wind exposure using any of the exposure indices  (topex-to-distance, 
16topex-to-distance, total visible area, terrain visible area and lake visible area), so none of the 
indices were included in the Bayesian hierarchical model. The gap area fraction showed no 
relationship with exposure when using the topex index (Fig. 3.6c), but was negatively related to 
the visible area index (Fig. 3.6f). 
 
Gap landscape model 
 To identify the most parsimonious hierarchical model, a GLM was fit for each 
explanatory variable using a MCMC approach (Table 3.3). A model, including slope, forest age 
and soil type had the lowest DIC weight, but was only one unit lower than the model including 
slope and forest age only. Consequently, I choose the latter model for its greater simplicity and 
similar predictive power. Subsequently, I proceeded with rarefaction analyses based on the 
chosen model. Rarefaction showed that the effects of slope and forest age were largely consistent 
with those obtained for the model based on the complete dataset: slope always retained a 
significant effect on λ, while effects of forest age were not significant in all cases.  
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Discussion 
 Variation in gap disturbance is likely to be an important determinant of species 
composition, above ground biomass (AGB) and net primary production in tropical forests 
(Molino 2001, Fisher 2008). The gap disturbance pattern is commonly characterized by two 
parameters: the area of the forest affected by gap disturbance (the 'gap area fraction'), and the 
frequency distribution of gap sizes. The gap area fraction quantifies the extent of gap disturbance 
over an area of forest, and is directly linked to AGB; i.e., an increase in the gap area fraction is 
expected to cause a decrease in AGB, assuming all other factors remain equal. The frequency 
distribution of gap sizes quantifies the relative frequency of gaps according to size. When the 
gap-size distribution follows a power-law probability distribution, the exponent λ is related to the 
ratio of small gaps to large gaps; as the value of λ increases, the relative frequency of large gaps 
decreases. Gaps of different sizes are known to have different probabilities of following 
particular successional pathways. Small gaps are more likely to be filled by growth from 
adjacent trees and seedlings of shade tolerant tree species (Whitmore 1989) whereas large gaps 
are more likely to be colonized by pioneer trees or lianas (Hubbell et al. 1999, Schnitzer et al. 
2000, Dalling et al. 2012). Thus, changes in the gap-size distribution are expected to cause 
changes in the composition of the forest and AGB. 
 Our analyses showed that different environmental factors have effects on the gap size 
distribution and the gap area fraction. When considering each environmental factor separately, 
slope, forest age, and soil type had significant effects on λ, while the gap area fraction was also 
influenced by aspect and exposure. The direction of the effects caused by some of these factors 
was contrary to our expectations; these effects are explored in greater detail in the sections 
below. 
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Determinants of variation in the gap size distribution 
When we considered each explanatory variable separately, we observed that forest age, 
soil type and slope had significant effects on λ, and consequently the gap frequency distribution. 
The effect of forest age on λ agreed with our original prediction that the old growth forest would 
have a greater relative frequency of large gaps. I interpret this as a consequence of the greater 
frequency of emergent trees and the greater heterogeneity of canopy heights in the old growth vs. 
the secondary forest. When canopy heights are relatively homogeneous, there is a protective 
effect with respect to wind exposure from the canopy of neighboring trees; conversely, when the 
canopy heights of neighboring trees are very different, there may be greater chance of turbulent 
wind currents causing treefalls, as has been suggested to occur at forest edges and existing gaps 
(Poorter et al. 1994, Ferreira and Laurence 1997). Additionally, the greater abundance of lianas 
in the secondary forest (DeWalt et al. 2000) might partially account for the lower ratio of large 
gaps, since propagation of tree fall damage to nearby trees might be reduced by the supporting 
effect of liana tangles. It is worth noting that even though the secondary forest at BCI is 80-150 
years old, and has a similar distribution of tree diameters to the old growth forest, the differences 
in the canopy height structure and gap disturbance metrics with the old-growth forest are still 
measurable. 
We did not anticipate the effects of slope and soil type on λ. The effect of slope on λ may 
seem counter-intuitive, since the greatest relative frequency of large gaps (smallest λ) is found at 
the lowest slopes. One possible explanation for such pattern might be a link between slope and 
hydrology, because plateaus and ridges, which constitute over 40 % of BCI’s landscape, have 
drier soils while steeper slopes retain more moisture during the dry season (Becker et al. 1988). 
These hydrological properties have been linked to differential mortality rates during droughts on 
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BCI (Condit et al. 1995), with the moister soils presenting lower mortality rates during droughts. 
These results are most likely only applicable to the range of slopes found at the BCI, where 80% 
of the landscape has slopes < 8º. The results observed here may be reversed on steeper slopes, 
where storms that produce treefalls can also trigger landslides.  
The multivariate approach in a hierarchical Bayesian framework used for modeling λ as a 
function of the forest age, soil type and slope showed that the greatest effect was caused by 
slope, followed by forest age and marginally by soil type. The most parsimonious model for λ 
included only slope and forest age. Furthermore, the rarefaction analyses of the model showed 
that the effect of slope was strong enough to remain significant even if only 10% of the data were 
used, whereas this was not always the case for forest age. However, I should note there are some 
limitations for distinguishing the contributions of these factors as patches of different aged forest 
are not distributed evenly across soil types and topographies. 
 
Determinants of variation in the gap area fraction 
The different explanatory variables showed several unexpected effects on the gap area 
fraction.  A greater gap area fraction was observed for the old-growth forest than the secondary 
forest, which, as with λ, could be caused by differences in the canopy height distribution. This 
result suggests that, in addition to forming larger treefall gaps, the more heterogeneous canopy 
height of old growth forest may increase the risk of wind-related tree falls, or that larger gaps 
persist on the landscape for longer. Another potential contributing factor could be a higher 
proportion of old, senescent trees in old-growth than secondary forest. Effects attributed to forest 
age, however, may also result from differences in soil type. In particular, the pale swelling clay 
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soil type, which mostly underlay the old-growth forest, had a much higher gap area fraction than 
the other two.  
In agreement with λ, the gap area fraction also declined with increasing slope following a 
power-law relationship. This is consistent with the results of Mascaro et al. (2010), who found 
the greatest accumulation of AGB at BCI occurs on the steeper slopes, suggesting that AGB is 
constrained by the frequency of gap formation rather than differences soil fertility. This result 
may be particular to the relatively gentle slopes found on BCI.  Greater gap area fractions at 
higher slopes have been found for other sites. Poorter et al. (1994) found higher gap area 
fractions on the upper and middle slope than on the crest or lower slope.  
The effects of aspect on the gap area fraction were also somewhat unexpected, with the 
maximum fraction occurring at a SE aspect. It is worth noting that the effect of aspect on the gap 
area fraction can only be observed at the 25 and 100 m2 scales and disappears at the 400 m2 
scale; this might be an indication that the factors causing tree falls act at relatively fine scales, 
and thus require similarly fine-scaled studies in order to be detected. Finally, topographic 
exposure did not show an effect when measured with the more conventionally used topex index, 
and it showed an effect contrary to our expectations when using the visible area index, with the 
lowest gap area fractions occurring at the areas with greatest exposure; I can only conclude that 
this is not an appropriate index to measure wind exposure at BCI. BCI might present unusual 
complications for assessing topographic exposure, because once the shore of the island is 
reached, the landscape becomes a flat surface with no obstacles for wind. Thus, depending on the 
extent to which the lake is considered as part of the landscape, conventional calculations of 
exposure indices may either under or over-estimate exposure. It seems likely my visible area 
36 
 
index might have over-estimated exposure near the shores and consequently caused an 
apparently decreasing gap area fraction with increasing wind exposure. 
 
Conclusions 
The diversity of effects on the metrics of gap disturbance shown here suggests that the 
variation of disturbance patterns across the landscape is a result of multiple factors acting at the 
same time and in different ways. My results also indicate that on BCI, slope plays a critical role 
in shaping the gap disturbance patterns across the landscape and I presume that this may be a 
general case in tropical landscapes with similar slope ranges; I expect that slope will also play an 
important role in sites with steeper slopes, but with opposing effects, as found by Poorter et al. 
(1994). I also observed that forest age can have a lasting effect on disturbance patterns, even 
when the stem diameter distribution and basal area approaches that of old-growth forest. Finally, 
according to our results variation in disturbance patterns appears to be linked to factors that act at 
the fine scale (such as aspect or slope) and factors that show heterogeneity at coarser scales (such 
as forest age or soil type). Consequently, detection of long-term changes in forest disturbance 
rates resulting from global change will need to account for these landscape-level determinants of 
canopy gap formation. 
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CHAPTER 4: ENVIRONMENTAL ASSOCIATIONS OF TREE SPECIES 
IN A TROPICAL FOREST: COMPARISONS BY TREE SIZE AND ADULT 
TREE HABIT 
 
Introduction 
 Tropical forests are some of the most diverse ecosystems on Earth. However, considerable 
uncertainty remains in understanding how such high levels of biodiversity are maintained (Grubb 
1977, Connell 1978, Connell 1987, Gordon 2000). A long-standing hypothesis is that community 
assembly reflects equilibrial processes, such that individual species have evolved distinct 
ecological niches (Hutchinson 1957, Connell 1978, Connell 1987). If communities are primarily 
niche-differentiated, then the spatial distribution of a species should in part reflect its 
environmental requirements for regeneration. 
A species’ niche can be defined as the combination of all abiotic and biotic conditions in 
which the populations of a species grow (Hutchinson, 1957). There is extensive literature 
demonstrating how biotic conditions can affect a species’ niche. Some of the best documented 
biotic mechanisms are density dependent processes (Johnson et al. 2012; Harms et al., 2000; 
Condit et al., 1992;  Kobe and Vriesendorp 2011). Density dependent processes can be mediated 
via seed predators (Mari et al. 2009; Becker et al. 1985), herbivory and pathogens (Bachelot & 
Kobe, 2013; Coley & Barone, 1996; Pacala & Crawley, 1992; Augspurger 1984) and negative 
plant-soil feedbacks (McCarthy-Neumann & Ibáñez, 2013; Holste et al, 2011). As evidenced by 
literature, most density dependent processes take place at the seed and seedling stages of the 
trees life. This study focuses on the later stages of the trees life, starting at the sapling stage. I 
expect that the abiotic conditions play a significant role in the species niche at these stages, and 
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though I acknowledge the relevance of biotic interactions, the study focuses on the abiotic 
component. 
 In old-growth tropical forests, plant performance may be influenced to varying degrees 
by a combination of light, water and soil nutrient availability. While spatial patterns of light 
availability are highly dynamic, reflecting canopy openings that mostly persist for a decade or 
less (Schnitzer et al 2000), moisture and nutrient availability are linked to underlying geology 
and topography and therefore provide more persistent niches (Daws et al. 2002, Wagner et al. 
2011, Markesteijn et al. 2010). Numerous studies provide evidence that plant community 
composition is influenced by variation in nutrient availability ( Dickinson & Mark 1994, Crews 
et al. 1995, John et al. 2007, Eger et al. 2011, Sukri et al. 2012, Turner et al. 2012). Similarly, 
correlates between water availability and plant community composition have also been 
documented ( Veenendaal & Swaine 1998, Condit 1998,  Engelbrecht et al. 2007, Baltzer et al. 
2008). In contrast, there is conflicting evidence for the importance of light availability in 
determining the distribution patterns of tropical trees. Although pioneer species are critically 
dependent on light gaps for regeneration (Swaine & Whitmore 1988), in mature tropical forests, 
pioneers represent a relatively small fraction (10-20%) of the tree community (Dalling et al. 
1998). Evidence that the remaining tree species are light sensitive is mixed: Molino and Sabatier 
(2001) found historical disturbance promoted the regeneration of an additional guild of non-
pioneer 'heliophilic' species, while no evidence was found for BCI by Hubbell et al. (1999) that 
light gaps affect recruitment of non-pioneer tree species. 
In addition to habitat selection, tree species may also show spatially aggregated 
distribution patterns as a consequence of limited dispersal (Plotkin et al. 2000). By modeling the 
spatial aggregation pattern of trees and lianas, previous studies have been able to detect 
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associations with environmental factors while incorporating the effect of dispersal limitation 
(e.g., John et al. 2007, Dalling et al. 2012). However these studies have not yet explored the 
overlapping, and potentially interacting, effects that multiple environmental factors (light, 
topography and soils) might have on species distribution patterns. Furthermore, it is possible that 
the interacting effect of these environmental factors vary through time, as a consequence both of 
their own temporal variability (e.g., rapidly changing light environments, inter-annual variation 
in dry-season length) and the changing requirements of trees as they grow. Thus, a final 
objective of this study was to explore whether associations with environmental factors vary 
consistently with either size class or tree habit.  
To date, conflicting evidence has been found regarding changes in habitat associations 
with tree size. Kanagaraj et al. (2011) found strong habitat associations for juvenile trees (second 
appearance in a census, 1cm < DBH < reproductive size), but weaker associations for both the 
youngest recruits (first appearance in a census, >1cm DBH) and for reproductive-sized trees, and 
concluded that habitat associations develop most strongly as saplings >1 cm DBH develop into 
larger juveniles. Similarly, Comita et al. (2007) explored the frequency of species associations 
for seedlings (height >20 cm) and trees (DBH >1 cm). They found a higher frequency of 
associations with slopes for trees versus seedlings and concluded that habitat associations of 
large trees typically do not form at early life stages. In contrast, Baldeck et al. (2013) have shown 
that after controlling for the number of individuals included in association tests, the strength of 
soil and topographic effects on compositional variation showed no consistent patterns in seven 
forest dynamics plots as tree size class increases from 1 cm DBH upwards. They conclude that 
habitat associations must arise before trees reach the 1 cm DBH size class. 
40 
 
In this study, I use tree census data from the 50-ha monitoring plot at Barro Colorado 
Island (BCI), Panama, for species classified according to mature habit (understory habit, mid-
story habit, and canopy habit), and for populations sub-divided according to size class (sapling, 
pole, sub-canopy and canopy). Associations of these groups were assessed with the following 
environmental factors: canopy height (a proxy for light availability), soil chemistry, and 
topography (a proxy for soil moisture and depth). Data on soil chemical resources, and a habitat 
classification of the plot based on topography were obtained from previous studies (Harms et al. 
2001, John et al. 2007), while additional data on slope and canopy height were obtained using 
high-resolution LiDAR. The rationale for studying the associations of species with the 
environmental factors canopy height, soil chemistry, and topography is that they are tightly 
linked with the resources to which plants respond, namely light availability, nutrient availability 
and soil moisture and depth. Measuring these resources directly requires extensive effort which 
cannot be implemented at the extent of BCI’s landscape. However, there is precedent of using 
the environmental factors chosen for this study to infer availability of resources. For instance 
gaps defined by a canopy height threshold are often used to infer areas of high light availability 
(e.g. Hubbell et al. 1998, Swaine & Whitmore 1988, Schnitzer et al. 2000). Similarly, correlates 
between water availability and topography have also been documented (Daws et al. 2002, 
Engelbrecht et al. 2007). 
Consistent with Baldeck et al. (2013), who found that compositional variation (beta 
diversity) in relation to soils and topography remains stable across size classes in the BCI plot, I 
predicted that the frequency of species associations with environmental factors would not show 
consistent differences across size-classes. In contrast, I predicted that the frequency of 
associations would vary with tree habit, if species that are restricted to the understory and mid-
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canopy have narrower sets of environmental requirements than canopy trees that develop more 
extensive root systems, and experience greater variation in light environments as they grow.  
Inclusion of LiDAR data also allowed a first analysis of tree species associations with canopy 
height and a test of whether associations with different light environments represent an 
independent axis of niche differentiation from resource gradients associated with soils and 
topography. 
 
Methods 
Study site 
This study was conducted at Barro Colorado Island (BCI), Panama (9°9′N, 79°51′W). 
BCI is a 1500-ha island located in the man-made Gatun Lake in the middle of the Panama Canal. 
BCI is covered with semi-deciduous lowland moist forest. Average annual rainfall is about 2500 
mm, with a pronounced dry season between December and April. Average daily temperature 
varies between 23 and 31°C. The western half of the island supports old growth forest 300-400 
years old (Fig. 4.1). The eastern half of the island is a mosaic of secondary forests 80-150 years 
old, resulting from cutting and clearing during the late 1800s with some more recent small farm 
settlements (Foster & Brokaw 1982). All human disturbances other than those related to 
scientific research stopped in 1923, when Barro Colorado Island (BCI) was declared a reserve 
(Leigh 1999). A 50-ha forest monitoring plot is located in the center of Barro Colorado (Fig. 
4.1). The majority of the plot is comprised of old-growth forest, with two hectares of secondary 
forest about 100 years old (Foster & Brokaw 1982). Most of the plot is on a plateau at an 
elevation of 120-160 meters above sea level, with gentle slopes at the edges. Mean canopy height 
is 24.6 ± 8.2 m SD (Chave et al. 2003). 
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Tree species 
In 2010, all trees in the 50 ha plot with a DBH (Diameter at Breast Height) ≥ 1 cm were 
censused. Tree species were divided into three groups depending on their tree habit (Welden et 
al. 1991); habit was defined based on adult height: canopy habit (with height ≥ 20 m), mid-story 
habit (with 10 m ≤ height < 20 m) and understory habit (with height < 4 m). Within species, 
individuals were also classified by size class, namely, saplings (with 1 cm ≤ DBH ≤ 4 cm), poles 
(with 4.1 cm ≤ DBH ≤ 10 cm), sub-canopy trees (with 10.1 cm ≤ DBH ≤ 20 cm) and canopy 
trees (with DBH ≥ 20.1 cm). To reduce the number of potentially spurious associations with 
environmental factors we used a relatively high threshold for inclusion in species analyses. If a 
species had < 50 individuals in either the sapling or pole size classes, then it was excluded from 
all analyses. Species that had <50 individuals in the sub-canopy tree class were analyzed for 
associations only in the first two size classes. For the canopy size class, most species had <50 
individuals, so a separate analysis of associations for each species was not possible. However we 
were able to assess environmental associations for this size class for all species combined. This 
was done by modeling the aggregation pattern of all individuals with DBH ≥ 20.1 cm without 
discriminating species. The complete dataset included 124,860 individuals of 89 tree species in 
the plot. 
 
Canopy height and terrain data 
LiDAR data were acquired with an Optech ALTM Gemini system (BLOM Sistemas 
Geoespaciales SLU, Madrid, Spain). This is a multipulse, scanning laser altimeter. The number 
of returns per square meter at the landscape ranged between 4 and 27 points per square meter. 
Point clouds were used to generate a Digital Terrain Model (DTM) and Digital Surface Model 
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(DSM) with 1 m2 pixels.  Canopy heights were calculated by subtracting elevations from these 
models. Estimated vertical errors were <15 cm (Appendix F). Analyses of environmental 
associations of trees in classified by size class and habit were conducted used using canopy 
height data with 1 m2 spatial resolution (Fig. 4.1). 
 
Slope 
A quantitative measure of slope was calculated for the 50 ha plot with 1 m2 spatial 
resolution from the DTM. For the analyses of environmental associations of trees in the different 
tree habits and size classes, slopes were used with the 1 m2 spatial resolution (Fig. 4.1). 
 
Topographic habitats 
Previous studies on the BCI 50-ha plot have explored tree species associations with 
environmental factors using different approaches to incorporate the aggregation patterns of trees. 
Harms et al. (2001) and Comita et al. (2007) used a 'torus-translation' approach, which relies on 
shifting the underlying habitat map of the plot in the cardinal directions while retaining the 
observed spatial locations of individual trees. To determine whether the PCM approach used here 
(see section 'Analysis of environmental associations') generates consistent metrics of species 
association to those produced by the torus translation test, the topographic habitat classification 
of Harms et al. (2001) was used to determine the frequency of associations with seven habitat 
types: low plateau, high plateau, slope, stream, swamp, young forest and mixed habitat (Fig. 4.1). 
Results from the analyses of topographic habitat associations are included in the supplementary 
materials. 
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Soil chemical variables 
I used interpolated predictions of soil nutrient availability across the plot generated by 
John et al. (2007). The following variables were measured: Mehlich-III extractable Al, B, Ca, 
Cu, Fe, K, Mg, Mn, Zn, P, and in-field N mineralization and pH. Soil nutrient samples were 
taken at a 50 by 50 m grid that covered the 50 ha plot; additional paired samples were taken at 2, 
8 or 20 m at alternate grid points (for further details refer to John et al. 2007). Ordinary kriging 
was used to make nutrient availability predictions for a grid of 10 by 10 m quadrats. As previous 
work has shown that the frequency of plant-soil nutrient associations are evenly distributed 
across soil chemical variables, three axes of soil nutrient availability were derived from principal 
component analysis; for a more detailed description of the principal component analyses see 
John et al. (2007). Nutrient loadings for each of the three main axes of the principal component 
analyses are displayed in the supplementary materials (Appendix A, Table A.1). Briefly, a 
greater percentage of variation in Ca and K (approximately 30%) is explained by the first axis of 
the principal component analyses (PC1); conversely, most of the variation in P is explained by 
the second axis of the principal component analyses (PC2). 
 
Analysis of environmental associations 
To assess species associations with environmental resources, analyses must first account 
for the spatial clustering patterns of populations that may arise independently of resource 
requirements. We quantified the local aggregation pattern of each species by size class, and for 
the species as a whole, by fitting the Ripley’s K function (Ripley 1976) to the observed 
distribution of individuals using the R package 'spatstat' (Baddeley & Turner 2005). The Ripley’s 
K function was then used in the Poisson Cluster Model (PCM, Plotkin et al. 2000, John et al. 
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2007) to generate simulated distributions of each size class and each species that preserve the 
observed aggregation pattern.  The distributions of 19 out of 89 species could not be adequately 
modeled for some size classes or the entire species using a PCM and were thus excluded from 
further analyses. The 19 species excluded here were mostly very abundant species that occurred 
in a pattern more regular than random. Given the homogenous spatial distribution of these 
species across the plot, they are unlikely to show significant associations with the environmental 
factors considered in this study; thus, I did not explore alternative aggregation models to fit this 
group of species. 
To test for significant associations between species and environmental factors, the mean 
value of each environmental factor was computed from the locations where individuals occur. 
Then, 100 simulated distributions with an equal number of individuals were generated using the 
PCM model, and the mean value of each environmental factor was re-calculated for each 
simulation. The mean and standard deviation from the simulated data were used to generate 
expected index values under no environmental associations. If the index values of the observed 
distribution of a species differed significantly from those calculated for the simulations, then the 
species was considered to be significantly associated with either lower or higher values than 
expected under the null hypothesis and thus were considered positive and negative associations 
with that environmental factor. Statistical significance was assessed using a two-tailed test (α = 
0.025 for each tail) for species means.  
Once significant associations had been tallied for the tree community, chi-square tests 
were used to compare the distribution of the frequency of associations across size classes and 
across tree habit classes (following Dalling et al. 2012). Two contingency tests were performed. 
First, the contrast across variable values compares the frequency of associations for a 
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contingency table that includes each value of the environmental variable for each pair of size 
classes or habit classes.  Second, chi-square tests were also used to compare overall frequencies 
of species showing significant association with each environmental variable across size classes 
and across habit classes. The overall contrast compares the frequency of associations in a 
collapsed contingency table which compares the overall frequency of association for all levels of 
an environmental factor combined for each pair of size classes or habit classes. 
 
Effects of canopy height associations 
 The frequency of species with associations with high and low canopy height environments 
was analyzed following the same method used for all other environmental factors considered in 
our study. However, an additional boot-strapping approach was used to test whether the group of 
species with an association to either low or high values of canopy height have a greater 
probability of association with other environmental factors when compared to the remaining 
group of species with no association to canopy height. This analysis was done for each size class 
separately. First, all species with > 50 individuals were pooled regardless of their association to 
canopy height for each size class. Then, a random sub-set of species was extracted from this 
dataset containing a number of species equal to the number that showed an association to low (or 
high) canopy sites. This was repeated 1000 times, and the frequency of species associated to 
each environment factor was calculated for each sample. We used a 95% confidence level to 
define significantly higher or lower frequencies of association than those expected under the null 
hypothesis. 
 
 
47 
 
Results 
Analysis of environmental associations by size class 
Between 17 and 26% of species showed significant associations with low canopy sites, 
and 7-14% of species were significantly associated with high canopy sites, depending on size 
class (Fig. 4.2a). There was no significant change in the frequency of associations with canopy 
height across tree size classes (Table 4.1). 
For slope measured using LiDAR we observed a greater frequency of species associated 
with steep slopes (10-33%) than gentle slopes (17-14%; Fig. 4.2b). Saplings of a third of species 
showed a significant association with high slopes, while the frequency with which species were 
associated with slope significantly decreased with increasing size class (Table 4.1).  
Finally, contrasting patterns of association were also found for soil chemical variables 
summarized as three PC axes (Fig. 4.2c). For example, pole and sub-canopy trees were twice as 
likely to show associations with soil PC axis 1 as were saplings. The number of significant 
associations was generally lower for the PC2 and PC3, which accounted for less variation in soil 
chemical properties (12 and 11 % respectively) than PC1 (55%). While the frequency of 
association differed significantly across the three PC axes for saplings and pole-sized trees 
(Table 4.1; size-class comparison), there was no significant change in the frequency of 
associations when PC axes were combined (Table 4.1; overall contrast).   
  
Association patterns of canopy trees 
Population sizes of canopy trees were too small to test individual species associations 
with environmental factors. Nonetheless, we did assess whether the densities of all canopy 
individuals combined differed across environmental space using the same null model employed 
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for individual species. The canopy tree size class showed no significant associations with high or 
low values of canopy height, or with any of the three axes of the principal component analysis of 
soil nutrients. Conversely, the canopy tree size class showed a significantly positive association 
with high slope values. 
 
Analysis of environmental associations by tree habit 
For the analyses of species associations classified by tree habit, all individuals of each 
species were considered. There were 37 understory species, 13 mid-canopy species and 20 
canopy species. Most notably, understory species differed in the frequency of associations with 
environmental factors when compared to mid-canopy and canopy species (Table 4.2). A large 
fraction of understory species (30%) were significantly associated with low canopy height, 
whereas no understory species showed a preference for high canopy environments (Fig. 4.3a). 
For all habit classes, the frequency of associations with high canopy sites was lower than with 
low canopy sites.  
Strong habit effects are also apparent in the associations with LiDAR-derived slope (Fig. 
4.3b). Understory species showed especially high frequencies of association with both high and 
low slope environments, whereas canopy species had a much higher frequency of association 
with high slopes. Mid-canopy species show very few associations with slope resulting in 
significant differences in the frequency of associations when compared to understory and canopy 
species (Table 4.2).  
  Finally, species with different habit also differed in the frequency of associations with 
soil chemical variables (Fig 4.3c). Understory species differed from mid-story species because of 
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a high frequency of association with PC1, while mid-story species differed from canopy species 
because they lacked associations with PC2 and PC3 (Table 4.2). 
  
Interaction between canopy height preferences and other environmental requirements 
A bootstrapping procedure was used to determine whether the group of species positively 
associated with either low canopy height (treefall gaps), or high canopy height differed in their 
frequency of associations with other environmental factors. Overall, we found that species 
associated to low canopy sites tend to also have significantly higher probabilities of being 
associated with other environmental factors (Table 4.3). For example, species significantly 
associated to low canopy sites have a higher probability of having a significant association with 
low slope sites for all size classes except poles, and a higher probability of having a significant 
association with soil PC1 for all size classes. Furthermore, when all individuals of all sizes are 
considered together, species significantly associated to low canopy sites have a lower probability 
of having a significant association with high slope sites, although this is not observed when each 
size class is considered separately.  
 In contrast, species significantly associated to high canopy sites had a higher probability 
of having a significant association with high slope sites regardless of size class (Table 4.1). 
When all individuals of all sizes were grouped, species significantly associated with high canopy 
sites also had a higher probability of having a significant association with soil axes PC2 and 
PC3; this was not observed when each size class was considered separately. 
When classifying species by habit as opposed to size class, results of the comparative 
analyses were similar (Table 4.4). One notable difference was that few understory and mid-story 
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species had a preference for high canopy sites (Fig. 4.3) and therefore these species showed few 
associations with other environmental factors. 
To further explore the combined interaction of slope, canopy height and soil chemistry, I 
created two Venn diagrams: the first diagram shows associations with high slope, high canopy 
height and soil PC axes (with a total of 42 species; Fig. 4.4a); the second diagram shows 
associations with low slope, low canopy height and soil PC axes (with a total of 32 species; Fig. 
4.4b). The majority of species associated with high canopy were also associated with high slope 
or soil (Fig. 4.4a), whereas most of the species associated with high slope were not associated 
with either high canopy height or soil. Similarly, the majority of species associated with low 
canopy also show an association with low slope or soil (Fig. 4.4b); conversely, most of the 
species associated with low slopes show an association with either low canopy height or soil. 
 
Discussion 
Analysis of environmental associations by size and habit classes 
In the first part of my analysis I examined the frequency with which tree species are 
associated with a suite of environmental factors thought to contribute to habitat partitioning in 
tree communities. In contrast to earlier studies that have used the Poisson Cluster Model to 
evaluate habitat associations on BCI (John et al. 2007), in this study tree populations were sub-
divided both by size class and by adult habit. Furthermore, I included high resolution LiDAR 
data to describe slope and canopy height. This allows a more complete assessment of habitat 
associations because canopy height provides a proxy measurement of light availability, 
considered one of the principal axes of niche differentiation (Brokaw 1985, Molino and Sabatier 
2001). 
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 When populations were subdivided by size class, and species categorized by habit I 
observed two striking patterns. First, a large fraction of species (23%) were positively associated 
with low canopy heights (Fig. 4.2a), indicating a preference for recently disturbed areas.  
Surprisingly, there was no significant shift in the frequency of associations with canopy height 
according to size class. I expected that because most canopy gaps fill quickly on BCI (Schnitzer 
et al. 2000) low canopy sites would mostly have filled in by the time trees reach the sub-canopy 
size class (10.1-20 cm DBH). I also expected that most species that associate with low canopy 
height would be fast-growing pioneer species that mostly reach the forest canopy and account for 
15% of tree species on the BCI plot (Dalling & Brown 2009). However, most pioneer species 
have stem densities that are too low to be included in this analysis. Instead the majority of 
species associated with low canopy sites were understory species that never reach the forest 
canopy (Fig. 4.3a). Furthermore, no understory species were associated with high canopy height.  
Second, a similarly large fraction of species (23 %) was found to be positively associated 
with steep slopes.  This pattern is consistent with earlier assessments of species associations 
using the torus-randomization test, with 19% of species associated with the slope habitat in the 
study conducted by Harms et al (2001). The frequency of species associated with high slope 
when conducting a categorical habitat-based analysis with a Poisson Cluster Models was also 
consistent with former analyses (26% of species positively associated with the slope habitat, 
Appendix B, Fig. B.2).  
In contrast to my observations for canopy height, I did observe significant ontogenetic 
shifts in tree associations with slope; the sapling size class had a significantly greater frequency 
of species associations with steep slopes than either of the larger size classes, poles and sub-
canopy trees (Table 4.1). A possible explanation for this pattern is that initial recruitment of trees 
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is favored on slopes because they represent moister habitat (Daws et al. 2002, Engelbrecht et al. 
2007), but this effect may be weakened as trees grow and are better able to survive drought 
events. I also considered whether the significant differences in associations with steep slope 
between saplings and larger size classes may be caused by a turnover of species composition by 
habit across size classes. Thus, I calculated the frequency of associations across size classes for 
each habit (Appendix C, Table C.1). The ontogenetic shifts observed for all species were still 
consistent when grouping species by habit, providing further support for a relatively strong 
advantage for recruitment on slopes that weakens with tree size. 
When I explored associations of species with slope when classified by habit rather than 
by size class, I observed that the frequency of associations with steep slope habitats was 
significantly greater for understory species than mid-canopy species for LiDAR-derived slope, 
which is consistent with the pattern observed when classifying species by size. Conversely, the 
frequency of associations with steep slopes did not significantly differ between understory and 
canopy habits. 
Lastly, when comparing the frequency of significant associations across soil PC axes, I 
found patterns that were difficult to interpret. Most associations were with soil PC1, which 
explains most of the variation in base cation availability, which may limit tree growth (Santiago 
et al. 2012). Associations with PC1 are also to be expected given that this axis explained five 
times as much variation in soil chemical properties as PC2 and PC3. Relatively few significant 
differences were found in the frequency of association with PC axes across size classes and tree 
habit. Notably, the pole size class had a significantly greater frequency of associations with PC1; 
by contrast, when species are classified by adult habit, mid-canopy species had a significantly 
lower frequency of association with all PC axes than understory and canopy species. 
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A concern in interpreting variation in the frequency of habitat associations is that 
differences may reflect sample size effects rather than environmental filtering. In particular we 
might expect that the frequency of significant associations would be lower in categories 
containing few individuals per species (Baldeck et al. 2013). Here we used a conservative cut-off 
of 50 individuals in each size/habit class for inclusion in analyses. It seems unlikely that sample 
size effects strongly influenced the frequency of associations that we observed because classes 
with fewer individuals per species (sub-canopy size and mid-canopy habit) did not show a clear 
pattern of fewer significant associations. While this should reduce the frequency of spurious 
associations with environmental factors for species with small and localized populations, this 
criterion also reduces the number of species that could be included in analyses, potentially also 
underestimating the frequency of habitat associations in the tree community as a whole. For 
example, many pioneer tree species in the 50-ha plot occur with stem densities <1 individual per 
ha-1 (Dalling et al. 1997, 2002), but would be expected to show associations with canopy height. 
Thus, the results from study are most pertinent for species with an intermediate abundance in old 
growth tropical forests. Study areas of greater extent would be required to draw conclusions of 
environmental associations of less abundant species. 
 
Effects of canopy height associations 
  My analysis revealed two contrasting groups of habitat associations: (1) positive 
associations with high slopes and high canopy height, and (2) positive associations with low 
slopes and low canopy heights. The interaction between slope and canopy height is apparent 
from analyses contrasting the species groups that associated with high or low canopy height, and 
a similar-sized random subset of species that showed no association with canopy height. As a 
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group, species positively associated with low canopy were more likely than expected to be 
positively associated with low slope, and with positive scores on all three soil PC axes. Broadly 
similar patterns were observed when considering individual size or habit classes. Likewise, 
species associated with high canopy sites were also positively associated with high slope across 
all size classes and for the canopy habit class.  
Associations between slope and canopy height have previously been reported for the 
liana community on BCI (Dalling et al. 2012). On the BCI plot, liana stem densities are 
significantly higher on the lower plateau habitat than on slopes, and a large fraction (63%) of 
liana species are positively associated with low canopy heights. This coincides with a taller 
canopy and a lower percent of the landscape in gaps <10 m tall on slopes (27.0 m and 2.5% 
respectively) than the two plot plateaus (24.3-24.6 m and 3.3 %; Dalling et al. 2012). These 
patterns are also in agreement with observations at the landscape scale (Chapter 3). Similarly, 
Mascaro et al. (2012) found a greater accumulation of biomass, estimated from canopy height, 
on slopes than ridges across BCI.  
To better understand what the causes might be for the observed crossed effects in the 
probability of associations with different of environmental factors, the frequency distribution of 
canopy heights was analyzed across the values of each environmental factor (Appendix D). 
Notably, as slope increases there is a shift of the canopy height frequency distribution towards 
greater heights. The shifts in the distribution of canopy heights that occur for the different 
environmental factors generally explain the cross-associations that we observed. It is worth 
noting that slope and canopy height are very weakly correlated at the 10 x 10 m quadrat scale 
(Appendix D, Table D.4) Based on our results, observed associations with one or more 
environmental factors must be carefully interpreted in light of the interactions between factors. In 
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this case, for instance, an observed species association with low slope sites or high plateau 
habitats may be an indirect effect caused by the higher frequency of gaps observed in these 
habitats. Conversely, an association with high slopes may cause an indirect association with high 
canopy heights due to the shift in canopy height frequencies with slope. 
 
Conclusions 
In summary, analyses of associations with environmental factors that incorporated 
canopy height and tree size information provided general support for the prediction that the 
frequency of species associations with environmental factors would not show consistent 
ontogenetic effects. Though this was true for canopy height and soil, I found evidence that there 
the frequency of associations with steep slopes decreases with tree size for all species groups.  
Additionally, this analysis further emphasizes that associations with environmental 
factors are not independent, complicating the identification of mechanisms underlying species 
spatial distributions. This was clearly the case with slope and canopy height, and to a lesser 
extent with soil nutrients, which are also known to vary in availability across soil catenas. Lastly, 
I recognize that the results presented here are only representative for a subset of relatively 
abundant tree species. Habitat associations may be more common in the tree community as a 
whole, but assessment of associations for rare species requires more extensive mapping of tree 
populations.  
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CHAPTER 5: CONCLUSIONS 
 
 The main objective of my thesis was to explore gap disturbance regimes and their effect 
on tropical tree communities. To study the different dimensions of canopy gap disturbances and 
their interactions with the tree community, I focused my study on the 1500 ha tropical forest 
landscape of Barro Colorado Island (BCI), Panama. Throughout my thesis, I used high-
resolution LiDAR data to obtain accurate landscape level estimates of canopy height and 
topography.  
 I first addressed the spatial dimension of a gap disturbance regime and how it may 
potentially affect our understanding of gap disturbances influence on carbon storage of tropical 
forests at multiple spatial scales. Specifically, I explored how the parameters that define the gap 
disturbance regime of a forest, namely the gap size-frequency distribution and the fraction of 
area under gaps, are affected by three main factors: the threshold canopy height used to define 
gaps, the spatial resolution of canopy height measurements, and the extent of the study area. My 
results indicated that both metrics were highly variable at the plot scale, leading to potentially 
unreliable estimates of disturbance regimes. The comparison between LiDAR estimates of 
canopy height with simulated field estimates of canopy height showed that the spatial resolution 
of field data leads to an under-estimation of the frequency of large gaps, and therefore 
potentially, the importance of large disturbances that impact landscape-level carbon storage. 
Additionally, my simulated data showed that field measurements of canopy height are likely to 
generate significant errors in the spatial location of gaps, which may obscure the effects of 
canopy gaps on fine-scale processes such as seed germination and seedling establishment. This 
de-coupling of gaps and tree recruitment caused by coarse estimates of canopy height (e.g. 
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Hubbell et al. 1999), may have led to an under-estimation of the role that gaps play in 
influencing local species composition and species richness. 
 Second, I explored how gap disturbance patterns vary across the forest landscape. 
Specifically, I assessed how forest age, topography and soil type affect the gap disturbance 
pattern of BCI. By using a Bayesian hierarchical model, I found that slope and forest age, had 
significant effects on the gap size distribution, with a higher frequency of large gaps associated 
with old-growth forests and more gentle slopes. Slope and forest age had similar effects on the 
gap area fraction; however the gap area fraction was also affected by soil type and by aspect. My 
results indicate that variation in disturbance patterns across the landscape can largely be 
explained by a combination of fine-scale factors, such as aspect or slope and factors that show 
heterogeneity at coarser scales, such as forest age or soil type.  
 Lastly, I explored some of the interactions between canopy gaps and the tree community 
by assessing how canopy height and other environmental factors affect the distribution of trees 
across BCI’s 50–ha forest monitoring plot. I used tree census data to test for associations of 
species with canopy height, soil chemistry, and topography. Association patterns were analyzed 
after either classifying individuals according to size class, or after classifying species according 
to mature habit. Additionally, interactions between environmental factors were assessed by 
calculating the probability of association with slope and soil for species that had a preference for 
gap disturbances. A large fraction of species were positively associated with low canopy heights; 
a similarly large fraction of species was associated with steep slopes, but the frequency of 
associations with steep slopes decreased as tree size increased. There were two contrasting 
groups of habitat associations: positive associations with high slopes and high canopy height, and 
positive associations with low slopes and low canopy heights. 
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In conclusion, my thesis provided evidence that canopy gap disturbances are complex 
process that show variation at multiple scales and affect tree communities in different ways, 
including carbon storage patterns and species distributions. To fully account for the effects of 
canopy gap disturbances as a driving force of tree communities, the complexity of gap 
disturbances needs to be accounted for. My thesis has explored some critical dimensions of gap 
disturbances: i) spatial dimension, including the parameters used to define canopy gaps, the 
spatial resolution of canopy heights and extent of the study area; ii) spatial heterogeneity, 
including the factors that cause spatial variation of gap disturbances, namely, slope, forest age 
and soil type; iii) the interaction with other environmental factors, mainly canopy height and 
slope, and their effects on the tree community. Conclusions from the different chapters highlight 
the relevance of gap disturbance processes for tropical forests, both in terms of carbon storage 
and the spatial distribution of the tree community. Thus, gap disturbance regimes need to be 
carefully considered and understood as a critical element of tropical forest ecosystems. 
 
Future directions 
Further research needs to be conducted to fully understand the role of gap disturbances in 
tropical forests. First, there is need for a better understanding of role of disturbance in mediating 
species richness patterns in tropical forests. The Intermediate Disturbance Hypothesis (Connell, 
1987) postulates that the highest levels of diversity are reached at an intermediate level of 
disturbance. My results on how a coarse characterization of canopy gaps de-couples gap 
disturbances from tree recruitment show that critical examination this hypothesis (Hubbell et al. 
1999, Molino and Sabatier 2001) may have been inadequate. 
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Second, there is a controversy on changing disturbance patterns and their consequences 
for the future dynamics of tropical forests under global change (Fisher et al. 2008, Chambers et 
al. 2009). My research highlights how landscape features, such as forest age, influence metrics of 
disturbance even when differences that can be measured using ground based approaches are 
small. One additional problem than emerges from plot-based studies is that the extent of most 
pots (1-50 ha) is adequate for measuring tree growth rates but it is unable to capture the process 
of tree mortality that is episodic reflecting storm events and droughts. Adequate monitoring of 
the long-term trajectories of tropical forests will require incorporating these mortality processes. 
My results support the conclusions of Fisher et al. (2008), by which the existing network of plots 
over such heterogeneous regions as the Amazon are deemed as insufficient. Fisher et al. (2008) 
propose instead a combined remote and field sampling approach, which would provide sufficient 
comprehensive sampling. 
Finally, I would like to emphasize the value of periodic acquisition of LiDAR data over 
tropical forests such as BCI. Having multi-temporal landscape coverages would allow for a much 
deeper understanding of gap disturbance and carbon storage processes of tropical forests. For 
instance, by coupling multi-temporal LiDAR data over the landscape with existent field data, it 
would be possible to determine the faith of different disturbance events (e.g., we could assess 
whether gaps created by multiple tree falls are more likely to be colonized by lianas than gaps 
created by a single tree fall). In terms of gap disturbances, having multi-temporal landscape level 
LiDAR data would also allow us to contrast how landscape level factors affect the successional 
pathway followed after the original disturbance (e.g., we could assess whether tree fall gaps of 
equal size have a greater likelihood of being filled by lianas in secondary forest vs. old growth 
forest). Additionally, since LiDAR estimates of canopy height can be used to estimate carbon 
60 
 
stocks, having access to multiple years of LiDAR data would allow for a much better 
understanding of changes in carbon storage in tropical forests (Meyer et al. 2013). 
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TABLES AND FIGURES 
Table 2.1. Effect of plot size (ha), and the maximum canopy height cut-off used to define gaps 
(gap height) on the gap-size distribution (λ), and the percent of plot area in gaps (Gap area 
fraction). Means are based on 1,000 samples. The polygon comprises the 992 ha of the landscape 
where all plot sizes could fit. The landscape comprises the entire island, excluding the shores and 
the laboratory clearing, with an area of 1,484 ha. 
 
 Maximum canopy height cut-off for gap identification 
 2 m 5 m 10 m 
Plot size λ Gap area 
 
λ Gap area 
 
λ Gap area 
 
10 ha 
2.45  
(0.42) 
0.40 
 (0.20) 
2.05  
(0.25) 
1.43  
(0.70) 
1.82  
(0.11) 
5.49  
(2.18) 
50 ha 
2.36  
(0.19) 
0.42  
(0.13) 
2.00  
(0.11) 
1.52  
(0.48) 
1.77  
(0.06) 
6.08  
(1.52) 
100 ha 
2.36  
(0.13) 
0.43  
(0.09) 
1.99  
(0.05) 
1.60  
(0.34) 
1.76  
(0.04) 
6.17  
(1.12) 
Polygon 
2.41  
(0.03) 
0.43  
(NA) 
2.03  
(0.02) 
1.59  
(NA) 
1.78  
(0.01) 
6.10 
(NA) 
Landscape 
2.37  
(0.03) 
0.41  
(NA) 
2.04  
(0.01) 
1.42 
 (NA) 
1.78  
(0.01) 
6.04  
(NA) 
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Table 2.2. Effect of plot size (ha), and the maximum canopy height cut-off used to define gaps 
(gap height) on the probability of detecting an extreme value of λ. Extreme values are defined as 
those outside the 99% confidence interval (λ interval) calculated from 100 ha plot sizes. 
 
   Plot size (ha) 
Gap height 
(m) λ landscape λ interval 10 50 100 
2 2.37 (2.10, 2.69) 0.44 0.12 0.01 
5 2.04 (1.89, 2.16) 0.58 0.20 0.01 
10 1.78 (1.68, 1.84) 0.46 0.13 0.01 
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Figure 2.1. Location of Barro Colorado Island (BCI) in the Panama Canal Area, Panama. The 50 
ha forest monitoring plot is shown as a rectangle located in the centre of the island. 
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Figure 2.2. A 10 ha sample of the BCI 50 ha plot selected to show canopy height (grayscale) and 
gaps < 5m canopy height (red). (A) Fine spatial resolution typical of LiDAR (1 m2 pixels), and 
(B) coarse spatial resolution typical of field data (25 m2 pixels). 
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Figure 2.3. Landscape pattern of λ (A) and fraction of gap area (B) versus maximum gap height. 
All coefficients had p<0.005; r2 values for the regressions of λ and fraction of gap area versus 
maximum gap height were 0.981 and 0.996 respectively. 
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 Figure 2.4. Box plot showing bias in canopy height estimates when using coarse spatial 
resolution for canopy height estimates across different canopy height intervals (from 0 to >30 
m); bias is defined as the height of simulated field data with coarse spatial resolution minus the 
height from LiDAR data with fine resolution. Box plot shows the median, first and third quartile; 
the whiskers represent the maximum and minimum values of the distribution; dots show the 
mean bias for each height interval. 
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 Figure 2.5. Box plots showing omission (A) and commission (B) errors by gap size when using 
coarse vs. fine spatial resolution. Box plot shows the median, first and third quartile; the 
whiskers represent the maximum and minimum values of the distribution; dots show the mean 
value for each gap size interval. The percentage of the omission and commission error 
corresponding to each size class is shown on top of each box; the sum of omission errors is 50% 
and the sum of commission errors is 79%. 
  
68 
 
 Figure 2.6. A 1.4 ha sample of the plot showing canopy height (grayscale). Red areas represent 
gaps defined using fine spatial resolution LiDAR, pale yellow areas indicate gaps defined using 
coarse spatial sampling that simulates field measurements, and orange areas show the areas 
classified as gaps under both schemes. 
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 Figure 2.7. Gap size-frequency distributions for the 50 ha plot generated using a fine spatial 
resolution (1 m2 quadrats) and coarse resolution (25 m2 quadrats). The distributions were fit to a 
power-law using ordinary least squares after a logarithmic transformation (p<0.005 for all 
parameter estimates). 
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Table 3.1. Soil types based on texture from the soil survey report by Ballie et al. (2006). Due to 
the limited extent of the shallow mottled clay soil, it was excluded from subsequent analyses.  
 
Soil type Morphological features Extent on BCI 
Brown fine 
loam 
Fine loam/clay topsoil, with little or clay increase with depth 
in stony or bouldery brown subsoil; mostly < 1m to saprolite. 
pHwater 5-7; Cation Exchange Capacity (CEC) 11-46 cmolc 
kg-1 
Extensive 
Red light 
clay 
Dark brown fine loam topsoil over red – reddish brown 
shallow and stony clay or fine loam subsoil; gradual increase 
in clay with depth; mostly > 1m to saprolite. pHwater 3.8-6.4; 
CEC mostly 13-32 cmolc kg-1 
Extensive 
Pale 
swelling 
clay 
Dark clay or fine loam topsoil over variable reddish brown 
clay or fine loam over greenish or bluish light grey intensely 
red/purple mottled heavy clay; depth > 1m. pHwater 4.7-6.3; 
CEC mostly 14-38 cmolc kg-1 
Extensive on the 
western side; 
limited elsewhere 
Shallow 
mottled 
clay 
Fine loam topsoil < 5cm, over firm heavy clay; mixed red, 
brown & yellow colors with some grey mottles. Mostly < 1m 
depth to firm heavy-textured saprolite. pHwater 5.5-6.0; CEC > 
50 cmolc kg-1 
Limited  
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Table 3.2. Effect of forest age and soil type on the gap size distribution (λ), and the percent of 
plot area in gaps (Gap area fraction). Means and standard errors are calculated using MLE for λ 
and sub-sampling method for the gap area fraction. The confidence interval of λ appears in 
parenthesis next to the mean. The percent of the landscape represented by each category appears 
is shown in last column. The landscape category comprises the entire island, excluding the 
shores and the laboratory clearing, with an area of 1484 ha. 
 
 λ Gap area fraction (%) Landscape Area (%) 
Forest age    
 Primary 2.01 (1.97, 2.05) 1.41 (0.88, 1.94) 42.96 
 Secondary 2.11 (2.07, 2.15) 0.93 (0.68, 1.18) 57.01 
Soil type    
 Brown Fine Loam 2.07 (2.03, 2.11) 1.01 (0.46, 1.56) 42.03 
 Pale Swell Clay 1.98 (1.94, 2.02) 1.81 (1.10, 2.52) 20.61 
 Red Light Clay 2.11 (2.07, 2.15) 0.90 (0.55, 1.25) 36.13 
Landscape 2.06 (2.04, 2.08) 1.14 100.00 
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Table 3.3. Hierarchical Bayesian model for the effect of slope, forest age and soil type on the gap 
size distribution (λ) showing means (and standard errors) of each parameter calculated using 
MCMC and the model deviance information criterion (DIC). For categorical variables the 
following values were used: old growth forest = -1, old secondary forest = 1; brown fine loam= 
(-1,-1), pale swelling clay= (1,0), red light clay = (0,1). 
 
Variable Model b0 b1 b2 b3 b4 DIC 
slope λ = b0 + b1⋅slope 
1.90 
(0.02) 
0.07 
(0.01) 
- - - 54637 
age λ = b0 + b1⋅age 
2.06 
(0.01) 
0.05 
(0.01) 
- - - 54772 
soil λ = b0 + b1⋅soil1 + b2⋅soil2 
2.06 
(0.01) 
-0.07 
(0.02) 
0.06 
(0.02) 
- - 54757 
slope 
age 
λ = b0 + b1⋅slope + b2⋅age 
1.90 
(0.02) 
0.07 
(0.01) 
0.04 
(0.01) 
- - 54629 
slope 
soil 
λ = b0 + b1⋅slope + b2⋅soil1 + 
b3⋅soil2 
1.90 
(0.02) 
0.07 
(0.01) 
0.01 
(0.01) 
0.02 
(0.01) 
- 54636 
slope 
age 
soil 
λ = b0 + b1⋅slope + b2⋅age + 
b3⋅soil1 + b4⋅soil2 
1.90 
(0.02) 
0.07 
(0.01) 
0.04 
(0.01) 
0.02 
(0.01) 
0.02 
(0.01) 
54628 
 
  
73 
 
 
 
 
 
Figure 3.1. Spatial distribution of environmental variables with the potential to influence the 
pattern of gap disturbance across Barro Colorado Island:  (a) forest age, (b) soil type, (c) slope, 
and (d) aspect. 
 
  
74 
 
 Figure 3.2. Spatial distribution of different measures of topographic exposure to wind of the 
forest across Barro Colorado Island (BCI); these include: (a) topex, (b) total visible area, (c) 
terrain visible area and (d) lake visible area 
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 Figure 3.3. Differences in the frequency distribution of canopy height between (a) the primary 
and old-growth forest, and (b) among the three soil types. 
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Figure 3.4. Effect of slope on the gap size-frequency distribution (middle) and gap area fraction 
(right). The frequency distribution of slopes across the landscape was also calculated (left). Slope 
was evaluated at three different scales: 25, 100, and 400 m2.  
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 Figure 3.5. Effect of aspect on the gap size-frequency distribution (middle) and gap area fraction 
(right). The frequency distribution of aspects across the landscape was also calculated (left). 
Aspect was evaluated at three different scales: 25, 100, and 400 m2. 
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 Figure 3.6. Effect of topographic exposure on the gap size-frequency distribution (middle) and 
gap area fraction (right). The frequency distribution of exposures across the landscape was also 
calculated (left). The two indices of exposure are used here: topex and total visible area. 
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Table 4.1. Test of significance of changes in the frequency of associations to environmental 
factors across size classes. P values from Chi-square tests are reported; values < 0.05 are bolded. 
The contrast across variable values compares the frequency of associations for a contingency 
table that includes each value of the environmental variable for each pair of size classes.  The 
overall contrast compares the frequency of associations in a collapsed contingency table which 
compares the overall frequency of association for all levels of an environmental factor combined 
for each pair of size classes. 
 
Contrast across variable values 
Size-class comparison 
  Canopy 
height Slope PC Soil 
saplings / poles  0.160  0.005 0.002 
saplings / sub-canopy   0.956  0.010 0.203 
poles / sub-canopy  0.212 1.000 0.092 
Overall contrast 
saplings / poles  0.399 0.089 0.256 
saplings / sub-canopy   0.077 0.001  0.571 
poles / sub-canopy  0.352 0.127 0.568 
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Table 4.2. Test of significance of the differences in the frequency of associations to 
environmental factors across habit classes. P values from the Chi-square tests are reported; 
values < 0.05 are bolded. The contrast across variable values compares the frequency of 
associations with each value of the environmental variable for each pair of size classes; the 
overall contrast compares the overall frequency of associations with an environmental variable 
for each pair of size classes. A consistently greater frequency of association with the variable 
values for the first habit versus the second habit is indicated by a + sign; a consistently lower 
frequency of association for the first habit versus the second habit in each pair is indicated by a – 
sign. 
 
Contrast across variable values 
Habit comparison 
  Canopy 
height Slope PC Soil 
understory / mid-canopy   0.001    0.009+   0.012+ 
understory / canopy    0.000 0.111 0.103 
mid-canopy / canopy    0.460 0.059   0.000-  
Overall contrast 
understory / mid-canopy 0.268 0.000 0.000 
understory / canopy  0.242 0.179 0.659 
mid-canopy / canopy   0.023-   0.000-   0.000- 
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Table 4.3. Comparison of the relative frequency of significant associations with each 
environmental factor for species associated with either low canopy height or high canopy height 
when compared with species without a canopy height association. Symbols indicate a 
significantly higher (+) or lower (-) frequency of association (p<0.05) of the canopy height 
associated species group with the environmental factor in the corresponding column vs. the 
remaining species; comparisons are relative to each size class. 
 
Canopy 
height 
Size 
class 
Slope PC Soil 
high low PC1 PC2 PC3 
Low 
saplings  + +  + 
poles   +  + 
sub-canopy  + +   
all trees ─ + + + + 
High 
saplings +        
poles +        
sub-canopy +     
all trees +     + + 
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Table 4.4. Comparison of the relative frequency of significant associations with each 
environmental factor for species associated to low canopy sites and high canopy sites vs. the 
remaining species; comparisons are relative to each habit class. Symbols indicate a significantly 
higher (+) or lower (-) frequency of association (p<0.05) of the canopy height associated species 
group with the environmental factor in the corresponding column vs. the remaining species; 
comparisons are relative to each habit class. 
 
Canopy 
height 
Habit 
class 
Slope PC Soil 
high low PC1 PC2 PC3 
Low 
understory   + +   + 
mid-canopy     +    
canopy   + + + + 
all trees ─ + + + + 
High 
understory      
mid-canopy      
canopy +   + + 
all trees +   + + 
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Figure 4.1. Topographic map of BCI showing (A) the location of the 50 ha plot, (B) grey-scale 
canopy height across the 50-ha plot, and (C) slope across the 50 ha plot. 
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Figure 4.2. Comparison of the frequency of significant associations with a) canopy height, b) 
slope and c) main axes of the principal components analyses of multiple soil chemical variables; 
see the main text for greater detail. Species are classified by size class: saplings (1 cm ≤ DBH ≤ 
4 cm), poles (4.1 cm ≤ DBH ≤ 10 cm), sub-canopy trees (10.1 cm ≤ DBH ≤ 20 cm); and all trees 
(all alive trees). A total of 70 species were used in the comparisons for saplings, poles and all 
trees; for the sub-canopy tree size class, only the 31 species with > 50 individuals were used for 
comparisons. In total, there were 37,846 saplings, 13,416 poles, 4,077 sub-canopy trees and 
57,074 for all trees. 
  
   
85 
 
 
Figure 4.3. Comparison of the frequency of significant associations with a) canopy height, b) 
slope and c) principal main axes of the principal components analyses of soil; see the main text 
for greater detail. Species are classified by habit. There were 37 understory species, 13 mid-
canopy species and 20 canopy species, with a total of 70 species (all trees). There were a total of 
12,823 individuals of understory species 6,878 individuals of mid-canopy species and 39,679 
individuals of canopy species. 
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Figure 4.4. Venn diagrams: a) showing associations with high slope, high canopy height and soil 
PC axes, with a total of 42 species; b) showing associations with low slope, low canopy height 
and soil PC axes, with a total of 32 species. 
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APPENDIX A: SUPPLEMENTARY MATERIAL FOR CHAPTER 4 
 
Table A.1. Reprinted from Dalling et. al (2012). Nutrient loadings, variation explained, and 
adjusted eigenvalues for the first three principal components calculated from thirteen soil 
chemical variables measured in the Barro Colorado Island 50 ha forest dynamics plot. Principal 
components were calculated using the function 'prcomp' in the 'stats' package in R from kriged 
data for each 10 x 10 m quadrat in the plot. Analysis was restricted to the first three principal 
components, which retained eigenvalues >1 after parallel analysis. Eigenvalues were calculated 
following Horn's parallel analysis, using the package 'paran' in the program R. 
 
 
 PC1 PC2 PC3 
Al 0.152 -0.504 0.560 
B -0.351 -0.129 -0.172 
Ca -0.368 0.019 -0.032 
Cu -0.330 -0.033 0.225 
Fe -0.296 -0.028 0.350 
K -0.362 0.004 -0.027 
Mg -0.345 0.032 -0.059 
Mn -0.276 -0.108 0.320 
P 0.030 -0.740 -0.108 
Zn -0.330 -0.089 -0.108 
N -0.120 -0.356 -0.588 
Nmin -0.268 0.178 0.089 
Variation explained 0.550 0.122 0.109 
Adjusted eigenvalues 6.516 1.400 1.269 
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APPENDIX B: SUPPLEMENTARY MATERIAL FOR CHAPTER 4 
 
Table B.1. Test of significance of changes in the frequency of associations to topographic habitat 
across size classes. P values from Chi-square tests are reported; values < 0.05 are bolded. The 
contrast across variable values compares the frequency of associations for a contingency table 
that includes each habitat type for each pair of size classes.  The overall contrast compares the 
frequency of associations in a collapsed contingency table which compares the overall frequency 
of association for all levels of habitat combined for each pair of size classes. 
 
Contrast across variable values 
Size-class comparison  Habitat 
saplings / poles  0.325 
saplings / sub-canopy   0.054 
poles / sub-canopy  0.004 
Overall contrast 
saplings / poles  0.191 
saplings / sub-canopy   0.078 
poles / sub-canopy  0.645 
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Table B.2. Test of significance of the differences in the frequency of associations to topographic 
habitats across habit classes. P values from the Chi-square tests are reported; values < 0.05 are 
bolded. The contrast across variable values compares the frequency of associations with each 
habitat type for each pair of habit classes; the overall contrast compares the overall frequency of 
associations with habit for each pair of habit classes. A consistently greater frequency of 
association with the variable values for the first habit versus the second habit is indicated by a + 
sign; a consistently lower frequency of association for the first habit versus the second habit in 
each pair is indicated by a – sign. 
 
 
Contrast across variable values 
Size-class comparison  Habitat 
understory / mid-canopy  0.059 
understory / canopy   0.007 
mid-canopy / canopy   0.061 
Overall contrast 
understory / mid-canopy  0.149 
understory / canopy   0.845 
mid-canopy / canopy   0.212 
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Table B.3. Comparison of the relative frequency of significant associations with topographic 
habitats for species associated with either low canopy height or high canopy height when 
compared with species without a canopy height association. Symbols indicate a significantly 
higher (+) or lower (-) frequency of association (p<0.05) of the canopy height associated species 
group with the environmental factor in the corresponding column vs. the remaining species; 
comparisons are relative to each size class. 
 
Canopy 
height 
Size 
class 
Habitat 
Str Slo L_Pl H_Pl Swa  
Low 
saplings   +   
poles   +   
sub-canopy   +   
all trees  ─ +   
High 
saplings       
poles  +     
sub-canopy  +    
all trees + +   +   
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Table B.4. Comparison of the relative frequency of significant associations with topographic 
habitat for species associated to low canopy sites and high canopy sites vs. the remaining 
species; comparisons are relative to each habit class. Symbols indicate a significantly higher (+) 
or lower (-) frequency of association (p<0.05) of the canopy height associated species group with 
the environmental factor in the corresponding column vs. the remaining species; comparisons are 
relative to each habit. 
 
Canopy 
height 
Habit 
Class 
Habitat 
Str Slo L_Pl H_Pl Swa  
Low 
understory     +     
mid-canopy    +    
canopy    +    
all trees   ─ +     
High 
understory      
mid-canopy  +    
canopy + +  + + 
all trees + +  +  
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Figure B.1. Topographic map of BCI showing topographic habitats  
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Figure B.2. Comparison of the frequency of significant associations with topographic habitat. 
Species are classified by size class: saplings (1 cm ≤ DBH ≤ 4 cm), poles (4.1 cm ≤ DBH ≤ 10 
cm), sub-canopy trees (10.1 cm ≤ DBH ≤ 20 cm); and all trees (all alive trees). A total of 70 
species were used in the comparisons for saplings, poles and all trees; for the sub-canopy tree 
size class, only the 31 species with > 50 individuals were used for comparisons. In total, there 
were 37,846 saplings, 13,416 poles, 4,077 sub-canopy trees and 57,074 for all trees. 
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Figure B.3. Comparison of the frequency of significant associations with topographic habitat. 
Species are classified by habit. There were 37 understory species, 13 mid-canopy species and 20 
canopy species, with a total of 70 species (all trees). There were a total of 12,823 individuals of 
understory species 6,878 individuals of mid-canopy species and 39,679 individuals of canopy 
species. 
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APPENDIX C: SUPPLEMENTARY MATERIAL FOR CHAPTER 4 
 
Table C.1. Frequency of species associations with high slopes across size classes for species 
classified by habit. Values shown are percentages relative to each habit, i.e. the percentage of 
species within each habit that are significantly associated with high slopes at each size class; for 
example if we consider canopy species, 41% of the canopy species are significantly associated 
with high slopes as saplings, 16% of the canopy species are significantly associated with high 
slopes as poles and 11 % of the canopy species are significantly associated with high slopes as 
sub-canopy trees. 
 
  Size class  
habit saplings poles sub-canopy  
understory 15 15 - 
mid-canopy 31 8 - 
canopy 41 16 11 
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APPENDIX D: SUPPLEMENTARY MATERIAL FOR CHAPTER 4 
 
Table D.1. Distribution of canopy height with 1 m2 spatial resolution derived from LiDAR data and the three main axes of the principal 
component analyses of soil nutrients, across slope intervals. The mean (Mean) and standard deviation (SD) are shown for each slope interval. 
Slope intervals are in degrees and canopy height intervals are in meters. 
 
  Canopy height (m) PC1 PC2 PC3 
Slope (o) Area (m2) Mean SD Mean SD Mean SD Mean SD 
0 - 2 86906 24.1 9.0 2.8 20.2 -2.8 11.1 -0.3 10.1 
2 - 4 149180 24.4 8.9 6.0 21.8 -1.2 10.8 -1.2 11.2 
4 - 6 99325 25.1 9.1 4.8 23.9 0.3 10.8 -0.8 10.7 
6 - 8 56457 25.3 9.1 -2.8 26.7 0.9 11.7 -0.9 10.3 
8 - 10 37217 25.4 9.2 -9.2 27.8 0.5 12.3 -0.4 9.9 
10 - 14 43207 26.2 9.3 -14.2 28.9 0.1 12.0 0.8 9.5 
> 14 24981 27.2 9.6 -19.3 30.7 3.7 10.9 0.7 9.7 
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Table D.2. Distribution of canopy height and slope with 1 m2 spatial resolution derived from LiDAR data, and the three main axes of the 
principal component analyses of soil nutrients, across topographic habitats. The mean (Mean) and standard deviation (SD) are shown for each 
slope interval. Slope is in degrees and canopy height is in meters. 
 
  Canopy height (m) Slope (o) PC1 PC2 PC3 
Habitat Area (m2) Mean SD Mean SD Mean SD Mean SD Mean SD 
Stream 12594 22.8 9.7 6.4 3.9 -2.1 30.3 7.5 8.9 -1.6 4.6 
Slope 112756 27.0 9.4 7.4 5.1 -18.9 25.5 3.8 8.9 0.2 10.0 
Low plateau 246377 24.6 9.1 4.9 3.6 7.3 23.3 2.3 7.3 1.3 10.0 
High plateau 67976 24.3 8.5 5.3 4.3 -4.2 19.1 -14.1 14.9 -6.5 10.6 
Swamp 11992 24.9 9.5 4.9 3.5 24.7 4.3 -5.0 7.4 3.2 5.0 
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Table D.3. Mean and standard deviation of canopy height (Mean Ht and SD Ht respectively) with 1 m2 spatial resolution derived from LiDAR 
data, across topographic the three main axes of the soil principal component analyses, namely PC1, PC2 and PC3. The total number of 1 m2 
pixels for each interval of the axes is also shown; canopy heights interval are in meters. 
 
PC1 PC2 PC3 
PC1 Interval 
Area 
(m2) 
Mean 
Ht (m) 
SD Ht 
(m) PC2 Interval 
Area 
(m2) 
Mean Ht 
(m) 
SD Ht 
(m) 
PC3 
Interval 
Area 
(m2) 
Mean Ht 
(m) 
SD Ht 
(m) 
(-105 , -85] 1600 30.2 9.3 (-45 , -35] 899 18.6 8.5 (-45 , -35] 899 18.6 8.5 
(-85 , -65] 6549 26.2 9.3 (-35 , -25] 14797 23.8 8.9 (-35 , -25] 14797 23.8 8.9 
(-65 , -45] 22444 27.2 8.5 (-25 , -15] 42281 24.3 8.2 (-25 , -15] 42281 24.3 8.2 
(-45 , -25] 50441 26.1 10.1 (-15 , -5] 39782 23.5 8.1 (-15 , -5] 39782 23.5 8.1 
(-25 , -5] 84024 26.2 8.8 (-5 , 5] 309143 25.0 9.2 (-5 , 5] 309143 25.0 9.2 
(-5 , 15] 156327 23.5 8.7 (5 , 15] 36339 25.7 9.4 (5 , 15] 36339 25.7 9.4 
(15 , 35] 154799 24.6 9.1 (15 , 25] 48783 25.5 9.6 (15 , 25] 48783 25.5 9.6 
(35 , 55] 21089 26.9 9.9 (25 , 35] 5249 31.0 8.4 (25 , 35] 5249 31.0 8.4 
 
  
107 
 
 Table D.4. Coefficient of determination (R2) based on the values at the 5,000 100m2 quadrats 
of the plot for the following variables: canopy height (m), slope (o), PC1, PC2 and PC3. 
 Slope PC1 PC2 PC3 
Canopy height 0.127 0.006 0.005 0.008 
Slope - 0.066 0.048 0.059 
PC1 - - 0.000 0.010 
PC2 - - - 0.020 
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 APPENDIX E: SUPPLEMENTARY MATERIAL FOR CHAPTER 4 
 
Table E.1. Associations of all individuals for each tree species with the environmental factors: canopy height, slope, habitat and 
principal component axes for the soil analyses. N is the number of individuals in the sapling size class for each species. The symbol 
"+" indicates a significant positive association, the symbol "–" indicates a significant negative association and the symbol "." indicates 
no significant association. 
Genus Species Family 
 
Height 
 Habitat Soil 
N Slope Stream Slope  Low_pl High_pl Swamp PC1 PC2 PC3 
Alibertia Edulis Rubiaceae 398 – – . – . . + + . . 
Andira Inermis Fabaceae 240 . . . . . . . . . . 
Aspidosperma spruceanum Apocynaceae 451 . . . + – . . – – . 
Beilschmiedia pendula Lauraceae 1843 . + . + . . – . . . 
Brosimum alicastrum Moraceae 833 . . + . . . – . . – 
Calophyllum longifolium Clusiaceae 1728 . + . + . . . . . . 
Casearia aculeata Flacourtiaceae 425 . – + – . + – . – – 
Cassipourea elliptica Rhizophoraceae 1075 . . . . . . + + . . 
Cecropia insignis Cecropiaceae 840 – . . . . . . . + + 
Chamguava schippii Myrtaceae 535 . . . . + . . . . . 
Chrysochlamys eclipes Clusiaceae 357 . + . + – . . – . . 
Chrysophyllum argenteum Sapotaceae 680 . . . . . . . . . + 
Coccoloba manzinillensis Polygonaceae 297 . . . – + . . + . . 
Cordia bicolor Boraginaceae 646 – . . . + . . + . + 
Cordia lasiocalyx Boraginaceae 1067 + . . . . . + . . + 
Croton billbergianus Euphorbiaceae 593 – . + . . . + . . . 
Cupania sylvatica Sapindaceae 1131 – . . – + . – . . + 
Drypetes standleyi Euphorbiaceae 2074 + + + + – + – – + – 
Eugenia coloradoensis Myrtaceae 588 . . . . . + . . . . 
Eugenia galalonensis Myrtaceae 1888 . . . – . . + . . . 
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 Table E.1 (continued)             
Genus Species Family 
 
Height 
 Habitat Soil 
N Slope Stream Slope  Low_pl High_pl Swamp PC1 PC2 PC3 
Eugenia nesiotica Myrtaceae 491 . . . . . + – . – . 
Eugenia oerstediana Myrtaceae 1753 . – . – . . . . – . 
Garcinia madruno Clusiaceae 381 . . + . . . . . . . 
Guarea guidonia Meliaceae 1742 . + . + – . + – . . 
Guarea sp Meliaceae 685 . . . . . . – . . . 
Guatteria dumetorum Annonaceae 796 . + . + . . . . . . 
Guettarda foliacea Rubiaceae 231 . . . . . . . . . . 
Hasseltia floribunda Flacourtiaceae 362 . . . . . – . . . + 
Heisteria concinna Olacaceae 857 . . . . . . . . . . 
Herrania purpurea Sterculiaceae 504 . + . + . – . . + . 
Inga acuminata Fabaceae 590 . . . . . + . . – . 
Inga goldmanii Fabaceae 273 + . . + . . + . . . 
Inga marginata Fabaceae 709 . . . . – . . . . . 
Inga nobilis Fabaceae 526 . + . + . . . – . . 
Inga sapindoides Fabaceae 180 . . . . + – – . . . 
Inga thibaudiana Fabaceae 209 – . . . + – . + . + 
Inga umbellifera Fabaceae 719 – . . – + . – + . . 
Lacistema aggregatum Flacourtiaceae 1205 . . . . + – . + . . 
Laetia thamnia Flacourtiaceae 402 – – . – + – . . . . 
Lonchocarpus heptaphyllus Fabaceae 619 – . . . + . . + . . 
Maquira guianensis Moraceae 1249 . . . . . . – . . . 
Miconia affinis Melastomataceae 400 – – . – + . . + . + 
Miconia argentea Melastomataceae 649 – – . – . . + + . . 
Mosannona garwoodii Annonaceae 477 . . . . . – . . . . 
Ocotea cernua Lauraceae 258 . . . . . . . . . . 
Perebea xanthochyma Moraceae 215 . . . . + . . + . . 
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 Table E.1 (continued)             
Genus       Species Family 
 
Height 
 Habitat Soil 
N Slope Stream Slope  Low_pl High_pl Swamp PC1 PC2 PC3 
Picramnia latifolia Picramniaceae 1028 . + . + – . . – . . 
Piper reticulatum Piperaceae 122 . + . . . . . . . . 
Pouteria reticulata Sapotaceae 1029 . – . – . . + . . . 
Prioria copaifera Fabaceae 1309 . . . . . . . . . . 
Protium costaricense Burseraceae 634 . + . . . . . . . . 
Protium tenuifolium Burseraceae 2716 + + + + – – – – + + 
Pterocarpus rohrii Fabaceae 1143 . . . . + . . + . . 
Quararibea asterolepis Bombacaceae 2025 + + + + – + – – – – 
Randia armata Rubiaceae 904 . – . – . . . + . . 
Simarouba amara Simaroubaceae 1516 – – . – + . + + . . 
Siparuna pauciflora Siparunaceae 305 . + . + . . – . . . 
Sloanea terniflora Elaeocarpaceae 423 . . + . . . . . . . 
Spondias radlkoferi Anacardiaceae 252 – . . . . . + . + . 
Tabebuia rosea Bignoniaceae 213 . . . . – . + . . . 
Tabernaemontana arborea Apocynaceae 1647 – . . . . . + + . + 
Tachigali versicolor Fabaceae 2020 + . – + . + . . – + 
Talisia nervosa Sapindaceae 636 . . . . . . . – . . 
Talisia princeps Sapindaceae 682 . . . . – + . . . . 
Trichilia pallida Meliaceae 444 – – . – . . . + – . 
Trophis racemosa Moraceae 216 . . . + . . . – . . 
Unonopsis pittieri Annonaceae 597 . + . + . . . – . . 
Virola sebifera Myristicaceae 1181 . . . . . . . . . . 
Xylopia macrantha Annonaceae 1629 + + . + – . . . . . 
Zanthoxylum panamense Rutaceae 232 – . . . . . . . . . 
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 Table E.2. Associations of the sapling size class (1 cm ≤ DBH ≤ 4 cm) for all tree species with > 50 individuals with the environmental 
factors: canopy height, slope, habitat and principal component axes for the soil analyses. N is the number of individuals in the sapling 
size class for each species. The symbol "+" indicates a significant positive association, the symbol "–" indicates a significant negative 
association and the symbol "." indicates no significant association. 
 
Genus Species Family 
 
Height 
 Habitat Soil 
N Slope Stream Slope  Low_pl High_pl Swamp PC1 PC2 PC3 
Alibertia edulis Rubiaceae 351 . . . – . . + . . . 
Andira inermis Fabaceae 124 . . . . . . . – . . 
Aspidosperma spruceanum Apocynaceae 318 . . . . . . . – . . 
Beilschmiedia pendula Lauraceae 1326 . + . + . . . . . . 
Brosimum alicastrum Moraceae 319 + + + . . . – . . . 
Calophyllum longifolium Clusiaceae 1603 . + . + . . . . + . 
Casearia aculeata Flacourtiaceae 344 . . . . . + . . . – 
Cassipourea elliptica Rhizophoraceae 754 . . . . . . + + . . 
Cecropia insignis Cecropiaceae 306 – + . . . . . . . . 
Chamguava schippii Myrtaceae 451 – . . – + . . . . . 
Chrysochlamys eclipes Clusiaceae 271 . + . + – . . – + . 
Chrysophyllum argenteum Sapotaceae 493 – + . + . . . . . + 
Coccoloba manzinillensis Polygonaceae 252 – – . – + . . + . . 
Cordia bicolor Boraginaceae 226 – . . . . – . + . + 
Cordia lasiocalyx Boraginaceae 557 . . . + . . + . . . 
Croton billbergianus Euphorbiaceae 432 – . . . . . + . . . 
Cupania sylvatica Sapindaceae 982 – . . – + . – . . . 
Drypetes standleyi Euphorbiaceae 1228 + + . + – . . – . . 
Eugenia coloradoensis Myrtaceae 386 + . . . . . . – . . 
Eugenia galalonensis Myrtaceae 1839 . – – – . + . . . . 
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Table E.2 (continued)             
Genus Species Family 
 
Height 
 Habitat Soil 
N Slope Stream Slope  Low_pl High_pl Swamp PC1 PC2 PC3 
Eugenia nesiotica Myrtaceae 386 . . . . . + . . – . 
Eugenia oerstediana Myrtaceae 1274 . – . – . + . . – . 
Garcinia madruno Clusiaceae 312 . . . . . . . . . . 
Guarea guidonia Meliaceae 1158 . + . + – . + – + . 
Guarea sp Meliaceae 499 . + . . . . . . . . 
Guatteria dumetorum Annonaceae 442 . + . + . – . – + . 
Guettarda foliacea Rubiaceae 83 . . + . . . . . . . 
Hasseltia floribunda Flacourtiaceae 115 – . . + . . + . . . 
Heisteria concinna Olacaceae 265 + . . . . . . . . . 
Herrania purpurea Sterculiaceae 414 . + . + . – . . + . 
Inga acuminata Fabaceae 405 . . . . – + . . – . 
Inga goldmanii Fabaceae 159 + + . + – . + . . – 
Inga marginata Fabaceae 601 – . . . – . . . . . 
Inga nobilis Fabaceae 227 . + . + . . . . . . 
Inga sapindoides Fabaceae 57 . . . . . . . . . . 
Inga thibaudiana Fabaceae 135 – . . . + – . + . + 
Inga umbellifera Fabaceae 444 . . . . + – – . . . 
Lacistema aggregatum Flacourtiaceae 1055 . . . . + – . + . . 
Laetia thamnia Flacourtiaceae 247 . . . – + – . . . . 
Lonchocarpus heptaphyllus Fabaceae 376 – . . . . . + . . . 
Maquira guianensis Moraceae 609 + + . . . . – . . . 
Miconia affinis Melastomataceae 301 – . . – + . . + . + 
Miconia argentea Melastomataceae 539 – – . – . . + + . . 
Mosannona garwoodii Annonaceae 358 + . . . . – . . + . 
Ocotea cernua Lauraceae 202 – . . . . . . . . . 
Perebea xanthochyma Moraceae 108 . . . . . . . . . . 
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 Table E.2 (continued) 
Genus       Species Family 
 
Height 
 Habitat Soil 
N Slope Stream Slope  Low_pl High_pl Swamp PC1 PC2 PC3 
Picramnia latifolia Picramniaceae 855 . . . . . . . – . . 
Piper reticulatum Piperaceae 64 . . . + – . + . . – 
Pouteria reticulata Sapotaceae 693 . . . . . . . . . . 
Prioria copaifera Fabaceae 572 . . . . . . . . . . 
Protium costaricense Burseraceae 360 . + . + . . . . + . 
Protium tenuifolium Burseraceae 1894 . + . + . . . – . . 
Pterocarpus rohrii Fabaceae 880 . . . . + . . . . . 
Quararibea asterolepis Bombacaceae 925 + + . + – . – – . . 
Randia armata Rubiaceae 398 . . . . + . . + . . 
Simarouba amara Simaroubaceae 1042 . . . – + – + + . . 
Siparuna pauciflora Siparunaceae 278 . + . + . . – – . . 
Sloanea terniflora Elaeocarpaceae 261 . . . . + . . . . . 
Spondias radlkoferi Anacardiaceae 149 – + . . . . + – + . 
Tabebuia rosea Bignoniaceae 117 . + + . – . + . . . 
Tabernaemontana arborea Apocynaceae 988 . . . . . . + . . . 
Tachigali versicolor Fabaceae 1658 . . . + . . . . . . 
Talisia nervosa Sapindaceae 525 . . . . . . . – . . 
Talisia princeps Sapindaceae 635 . . . . – + . – – . 
Trichilia pallida Meliaceae 241 – – . – . . . . . . 
Trophis racemosa Moraceae 148 . + . + . . . – . . 
Unonopsis pittieri Annonaceae 309 . + . + – . . – + . 
Virola sebifera Myristicaceae 359 + . . . . . . . . . 
Xylopia macrantha Annonaceae 1033 + + . + . . . . . . 
Zanthoxylum panamense Rutaceae 129 – . + . . . . . . . 
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 Table E.3. Associations of the pole size class (4.1 cm ≤ DBH ≤ 10 cm), for all tree species with > 50 individuals with the 
environmental factors: canopy height, slope, habitat and principal component axes for the soil analyses. N is the number of individuals 
in the sapling size class for each species. The symbol "+" indicates a significant positive association, the symbol "–" indicates a 
significant negative association and the symbol "." indicates no significant association. 
 
Genus Species Family 
 
Height 
 Habitat Soil 
N Slope Stream Slope  Low_pl High_pl Swamp PC1 PC2 PC3 
Alibertia edulis Rubiaceae 62 . . . . . . + + . . 
Andira inermis Fabaceae 96 . . . . . . . . . . 
Aspidosperma spruceanum Apocynaceae 90 . . . . – . . . – . 
Beilschmiedia pendula Lauraceae 407 . + . + . . . . . . 
Brosimum alicastrum Moraceae 341 . . + – . . . . . . 
Calophyllum longifolium Clusiaceae 159 . + . + . . . . . . 
Casearia aculeata Flacourtiaceae 95 . – . – . . . . . . 
Cassipourea elliptica Rhizophoraceae 233 – . . . . . + + . . 
Cecropia insignis Cecropiaceae 213 . . . . . . + . + . 
Chamguava schippii Myrtaceae 79 . . . . . . . . . . 
Chrysochlamys eclipes Clusiaceae 123 . + . + . . . . . . 
Chrysophyllum argenteum Sapotaceae 139 . . . . . . . . . + 
Coccoloba manzinillensis Polygonaceae 85 – . . . + . . + . . 
Cordia bicolor Boraginaceae 121 – . . . . . . + . + 
Cordia lasiocalyx Boraginaceae 357 . . . . . . + . . + 
Croton billbergianus Euphorbiaceae 139 – . + . . . . . . . 
Cupania sylvatica Sapindaceae 229 – . . – + . . + . + 
Drypetes standleyi Euphorbiaceae 554 + + . + – . . – . . 
Eugenia coloradoensis Myrtaceae 135 – – . – . . . . . . 
Eugenia galalonensis Myrtaceae 111 . – . – . . . . . . 
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 Table E.3 (continued)             
Genus Species Family 
 
Height 
 Habitat Soil 
N Slope Stream Slope  Low_pl High_pl Swamp PC1 PC2 PC3 
Eugenia nesiotica Myrtaceae 66 – . . . + . . + . . 
Eugenia oerstediana Myrtaceae 390 . . . . . . . + . . 
Garcinia madruno Clusiaceae 72 . . + . . . . + . . 
Guarea guidonia Meliaceae 348 + . . + – . + – . . 
Guarea sp Meliaceae 174 – . . . . + . . . – 
Guatteria dumetorum Annonaceae 258 . . . . . . . . . + 
Guettarda foliacea Rubiaceae 104 . . . . . . . . – . 
Hasseltia floribunda Flacourtiaceae 136 . – . . . . + + . + 
Heisteria concinna Olacaceae 319 . . . . . . . . . . 
Herrania purpurea Sterculiaceae 118 . – . . + . . . . . 
Inga acuminata Fabaceae 129 . . . . . . . . . . 
Inga goldmanii Fabaceae 102 . . . . . . + . . . 
Inga marginata Fabaceae 63 . . . . . . . . . . 
Inga nobilis Fabaceae 256 + + . + . . . – . . 
Inga sapindoides Fabaceae 68 . . . . + . . . . + 
Inga thibaudiana Fabaceae 55 – . . . + . . + . + 
Inga umbellifera Fabaceae 295 – . . – + . . + . . 
Lacistema aggregatum Flacourtiaceae 180 + . . . + – . . . . 
Laetia thamnia Flacourtiaceae 133 . . . – + . . + . . 
Lonchocarpus heptaphyllus Fabaceae 180 . . . . + . . + . . 
Maquira guianensis Moraceae 528 . . . . . . . . . . 
Miconia affinis Melastomataceae 123 – . . – + . . + . + 
Miconia argentea Melastomataceae 76 . – . – . . + + . . 
Mosannona garwoodii Annonaceae 122 . . . . . . + . . . 
Ocotea cernua Lauraceae 52 . . . . . . . . – . 
Perebea xanthochyma Moraceae 83 . . . . + . . . . . 
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 Table E.3 (continued)             
Genus       Species Family 
 
Height 
 Habitat Soil 
N Slope Stream Slope  Low_pl High_pl Swamp PC1 PC2 PC3 
Picramnia latifolia Picramniaceae 175 . + + + – . . – . . 
Piper reticulatum Piperaceae 63 . + . . . . . . . . 
Pouteria reticulata Sapotaceae 168 – – + – . . . + . . 
Prioria copaifera Fabaceae 387 . . . . + . . . . . 
Protium costaricense Burseraceae 214 – + . + . . . . . . 
Protium tenuifolium Burseraceae 544 . . . . . . . – + . 
Pterocarpus rohrii Fabaceae 276 – . . . . . . . . . 
Quararibea asterolepis Bombacaceae 485 . . . . – + – . . – 
Randia armata Rubiaceae 293 . – . – . . . + . . 
Simarouba amara Simaroubaceae 288 – . . . + . . + . . 
Siparuna pauciflora Siparunaceae 66 . . . + . . . . . . 
Sloanea terniflora Elaeocarpaceae 113 . . . . . . . . . . 
Spondias radlkoferi Anacardiaceae 58 – . . + . . . – + . 
Tabebuia rosea Bignoniaceae 57 . . . . . . + + . . 
Tabernaemontana arborea Apocynaceae 338 – . . . . . + + . + 
Tachigali versicolor Fabaceae 308 + . . . . . . . . . 
Talisia nervosa Sapindaceae 152 . . . . . . . – . . 
Talisia princeps Sapindaceae 73 . . . . – . + . . – 
Trichilia pallida Meliaceae 128 . – . – . . + + . . 
Trophis racemosa Moraceae 61 . . . + . . . – . . 
Unonopsis pittieri Annonaceae 143 . + . + . . . . . . 
Virola sebifera Myristicaceae 367 . . . . . . . . . . 
Xylopia macrantha Annonaceae 405 . + . + . . . . . . 
Zanthoxylum panamense Rutaceae 56 – – . . . . . + . . 
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 Table E.4. Associations of the sub-canopy size class (10.1 cm ≤ DBH ≤ 20 cm), for all tree species with > 50 individuals with the 
environmental factors: canopy height, slope, habitat and principal component axes for the soil analyses. N is the number of individuals 
in the sapling size class for each species. The symbol "+" indicates a significant positive association, the symbol "–" indicates a 
significant negative association and the symbol "." indicates no significant association. 
 
Genus Species Family 
 
Height 
 Habitat Soil 
N Slope Stream Slope  Low_pl High_pl Swamp PC1 PC2 PC3 
Beilschmiedia Pendula Lauraceae 90 . . . . . . . . . . 
Brosimum alicastrum Moraceae 129 . – . – . . . . – . 
Cassipourea Elliptica Rhizophoraceae 78 . . . . . . + + . . 
Cecropia Insignis Cecropiaceae 179 – . . . . . + . . . 
Cordia bicolor Boraginaceae 100 – . . . + . . + . + 
Cordia lasiocalyx Boraginaceae 203 . . . + – . . . . . 
Drypetes standleyi Euphorbiaceae 205 + + . + – . . – . . 
Eugenia coloradoensis Myrtaceae 55 . . . . . + . . . . 
Eugenia oerstediana Myrtaceae 120 . . . . . . . . – . 
Guarea guidonia Meliaceae 177 – . . . . + . . . . 
Guatteria dumetorum Annonaceae 81 + + . + . . . . . . 
Hasseltia floribunda Flacourtiaceae 106 . . . . . – . . + + 
Heisteria concinna Olacaceae 195 . . . . . + . . . . 
Inga acuminata Fabaceae 60 . . . . . . . . . . 
Inga nobilis Fabaceae 65 . . . . . . . – . + 
Inga sapindoides Fabaceae 50 . . . . . – . . + . 
Lonchocarpus heptaphyllus Fabaceae 57 . . . . + . . . . + 
Maquira guianensis Moraceae 155 . . . . . . – . . . 
Pouteria reticulata Sapotaceae 76 . . . . . . + . . . 
Prioria copaifera Fabaceae 144 . . . . . . . + . . 
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 Table E.4 (continued)             
Genus Species Family 
 
Height 
 Habitat Soil 
N Slope Stream Slope  Low_pl High_pl Swamp PC1 PC2 PC3 
Protium costaricense Burseraceae 99 – . . . . . . . . . 
Protium tenuifolium Burseraceae 214 . . . . . . . – + . 
Quararibea asterolepis Bombacaceae 236 . . . . . . . . . . 
Randia armata Rubiaceae 217 . – . – . . . + . – 
Simarouba amara Simaroubaceae 115 – . . – + . . + . . 
Tabernaemontana arborea Apocynaceae 134 – . . – + – . + . + 
Tachigali versicolor Fabaceae 62 . . . . . . . + . . 
Trichilia pallida Meliaceae 74 – – . – . + + . – . 
Unonopsis pittieri Annonaceae 139 – . . . . . . . . . 
Virola sebifera Myristicaceae 278 . . . . . . – + + . 
Xylopia macrantha Annonaceae 184 + + . + . . . . . . 
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 APPENDIX F: LIDAR DATA ACQUISITION TECHNICAL DETAILS 
 
LiDAR and aerial photographs were acquired simultaneously from an aircraft platform. The 
LiDAR sensor used was an Optech ALTM Gemini system, and the camera used for aerial 
photographs was a Rollei AIC camera. 
 
The following tables list the flight parameters used for each of the study areas. 
 
Study area – BCI and Agua Salud 
Flight parameters 
Scanned length 1041.827 km 
Flight time 11:15:33 
Laser working time 04:19:38 
Flight height 457.200 m (AGL) 
Speed 66.9 m/s 
Number of flight lines 80 
Overlap between flight lines 45.7 %  
LiDAR parameters 
Scanning frequency 48 Hz 
Scanning angle ± 17o 
Laser frequency (PRF) 70 KHz 
Camera parameters 
Images overlapping 40 % 
Pixel size (GSD) – X 0.066 m 
Pixel size (GSD) – Y 0.066 m 
Number of images 4837 
 
Study area – 50 ha BCI  
Flight parameters 
Scanned length 3.481 km 
Flight time 00:11:04 
Laser working time 00:00:52 
Flight height 457.200 m (AGL) 
Speed 66.9 m/s 
Number of flight lines 3 
Overlap between flight lines 30.71 %  
LiDAR parameters 
Scanning frequency 48 Hz 
Scanning angle ± 17o 
Laser frequency (PRF) 70 KHz 
Camera parameters 
Images overlapping 40 % 
Pixel size (GSD) – X 0.066 m 
Pixel size (GSD) – Y 0.066 m 
Number of images 16 
120 
 
  
 
 
 
 
Figure F.1. Flight plan showing flight lines over the study areas. The 50 ha plot is highlighted as 
a separate collection with triple the point density was done for the plot. 
 
Quality control and point density analyses were performed with TASQ 
(BLOM ©). 
 
Analyses results provided vertical errors smaller than 15 cm (RMS). 
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 APPENDIX G: MCMC PROCEDURE 
A Generalized Linear Model (GLM) was used to evaluate the effect of the continuous 
variables slope, aspect, and wind exposure on the gap size distribution. The gap-size distribution 
was fit to a Pareto power-law probability distribution. The parameter estimates of the models 
were generated using a Markov Chain Monte Carlo (MCMC) approach. This was done for each 
variable first in an univariate analyses. Then, a multivariate model was created for the gap size 
distribution including those explanatory variables that had an effect on λ. The MCMC procedure 
used 10,000 iterations and N-Metropolis for sampling (Hastings 1970). Analyses were conducted 
using SAS 9.1 (SAS Institute Inc. North Carolina). Some details on the MCMC analyses are 
given bellow: 
• Model:  
The GLM model for λ was fit using the following equation: 
p = b0 + b1*slope10 + b2*age + b3*soil1 + b4*soil2;  where p = λ -1  
 For categorical variables the following values were used: old growth forest = -1, old secondary 
forest = 1; brown fine loam= (-1,-1), pale swelling clay= (1,0), red light clay = (0,1). 
• Priors: 
In cases when there is no previous knowledge on the priors, it is common to choose a uniform 
distribution (Clark, 2007). For selecting the best prior, the following criteria must be met: i) no 
autocorrelation; ii) Geweke Diagnostics. Thus, after several trials the following priors and initial 
values were chosen: 
parms b0 = 1.0,  b1 = 0.07, b2 = 0.04,  b3 = 0.1, b4 = 0.1; 
prior b0 ~ normal(1.0,sd=1.0); 
prior b1 ~ normal(0.1,sd=0.1); 
prior b2 ~ uniform(0,0.2); 
prior b3 ~ uniform(0,0.2); 
prior b4 ~ uniform(0,0.2); 
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 See results from the MCMC procedure in SAS 9.1 (SAS Institute Inc. North Carolina) below. 
____________________________________________________________________________ 
Number of Observations Used        7818 
______________________________________________________________ 
Parameters 
Parameter    Sampling Method        Initial Value     Prior Distribution 
b0             N-Metropolis       1.0000    normal(1.0,sd=1.0) 
b2             N-Metropolis        0.0400     uniform(0,0.2) 
______________________________________________________________ 
Tuning History  
Phase       Block           Scale          Acceptance Rate 
1           1       2.3800             0 
2           1       0.4020        0.0140 
3           1       0.1529        0.2740 
4           1       0.1306        0.5360 
5           1       0.1973        0.6920 
6           1       0.4655        0.6060 
7           1       0.8434        0.5460 
8           1       1.3055        0.5300 
9           1       1.9428        0.3900 
__________________________________________ 
Burn-In History  
Block       Scale      Acceptance Rate 
1      1.9428        0.4140 
__________________________________________ 
Sampling History  
Block       Scale      Acceptance Rate 
1      1.9428        0.4139 
______________________________________________________________ 
Posterior Summaries 
Standard               Percentiles 
Parameter           N        Mean    Deviation         25%         50%         75% 
b0              10000      1.0571       0.0122      1.0490      1.0572      1.0654 
b2              10000      0.0474       0.0119      0.0395      0.0476      0.0552 
______________________________________________________________ 
Posterior Intervals 
Parameter    Alpha     Equal-Tail Interval        HPD Interval 
b0           0.050      1.0327      1.0808      1.0343      1.0820 
b2           0.050      0.0234      0.0700      0.0254      0.0712 
______________________________________________________________ 
Monte Carlo Standard Errors 
Standard 
Parameter        MCSE    Deviation     MCSE/SD 
b0           0.000347       0.0122      0.0285 
b2           0.000323       0.0119      0.0271 
______________________________________________________________ 
Posterior Autocorrelations 
Parameter      Lag 1      Lag 5     Lag 10     Lag 50 
b0            0.7638     0.2884     0.1100    -0.0213 
b2            0.7620     0.2528     0.0705    -0.0279 
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 _____________________________ 
Geweke Diagnostics 
Parameter           z     Pr > |z| 
b0             1.6277      0.1036 
b2            -0.7172      0.4732 
________________________________________ 
Effective Sample Sizes 
Correlation 
Parameter         ESS           Time        Efficiency 
b0             1227.6         8.1462        0.1228 
b2             1364.9         7.3267        0.1365 
__________________________________________________ 
 
Deviance Information Criterion 
 
Dbar (posterior mean of deviance)                    54770.22 
Dmean (deviance evaluated at posterior mean)     54768.19 
pD (effective number of parameters)                     2.030 
DIC (smaller is better)                               54772.25 
__________________________________________________ 
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